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Abstract
With the wealth of data provided by modern imaging and redshift surveys, it has be-
come essential to obtain measurements of galaxy properties in an automated fashion, and
analyse them in a statistical manner.
In this thesis we focus on two fundamental characteristics of the galaxy populations,
their distributions in luminosity and their spatial clustering signal .
We examine galaxies from the SDSS-II galaxy redshift survey, quantifying their dis-
tribution in luminosity as a function of rest-frame colour and visual morphology taken
from the Galaxy Zoo project. In forming samples of the galaxies selected by colour,
morphology and luminosity we observe that there are significant populations of both red
spiral galaxies and blue early-type galaxies at redshifts of 0.01 < z < 0.2.
To aid us in the description and analysis of these distributions we fit them with a para-
metric model, the well known Schechter function, in which we include parameterisations
for the redshift evolution of absolute magnitude and number density. In comparing the
results of fitting our various samples with the function we find that blue galaxies exhibit
significantly different behaviour to spiral galaxies and that red galaxies exhibit signifi-
cantly different behaviour to early-type galaxies.
We then go on to measure the 2-point clustering statistics of the galaxies in order
to explore the dependence of galaxy clustering bias on luminosity and colour. We fit
our measurements of scale dependent galaxy clustering with several phenomenological
models of galaxy bias. This allows us to describe how the large-scale bias and the transi-
tion to non-linear clustering behaviour depend on luminosity and colour. Our key result
from this investigation is that red and blue galaxies exhibit significantly different clus-
tering behaviour in both the amplitude of their large scale bias and their non-linear bias
contributions at smaller scales.
In conclusion we find that in order to extract the maximum amount of cosmological
information from future surveys they must be planned and analysed with the understand-
ing that galaxy clustering depends strongly on both luminosity and colour, and that galaxy
morphology contains considerable information about a galaxies formation history, inde-
pendent of its colour.
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Chapter 1
Introduction
Cosmology is the study of the past and future evolution the physical Universe (Peebles,
1994; Liddle, 2003; Peacock, 2003). In this chapter we work from the basic principles
up to the current observation and theory, setting the scene for the rest of the work that
will be presented in this thesis to take the field forward.
We first review General Relativity, the cosmological framework describing the re-
lationship between mass-energy and the geometry of space-time, in which the analyses
presented in this thesis will be carried out. A key observable in understanding the distri-
bution of mass in the Universe is the recession velocity of objects, related to their distance
from us and measured via their redshift which is introduced in Section 1.2. We then con-
sider how this distribution of baryonic matter is clumped into high density regions called
galaxies which themselves have a non-random clustering signal. We introduce the con-
cept of measuring the distribution of galaxies in terms of their light output or luminosity.
We then discuss the relationship between the clustering of the galaxies and the distribu-
tion of the total mass, a relationship referred to as galaxy bias. In this thesis we use the
dependence of the luminosity distributions and galaxy bias on other observable galaxy
properties to constrain relationships between different galaxy populations, an overview
of the new work is given in Section 1.10.
1.1 The standard cosmological model
The standard description of the evolution of Universe on the largest scales is derived from
Einstein’s General Relativity and assumes a Hot Big Bang event followed by a period of
inflation.
1
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1.1.1 Einstein’s theory of general relativity
The Einstein equations, relating the mass-energy content of the Universe to the geometry
of space-time, with a geometrical cosmological constant, are:
Gµν − Λgµν =
8πG
c4
Tµν. (1.1)
Assuming the validity of the Cosmological Principle, which states that the Universe is
homogeneous and isotropic, the Friedmann-Lemaıˆtre-Roberston-Walker time-dependent
solution may be derived:
c2dτ2 = c2dt2 − a(t)2
(
dr2
1 − kr2 + r
2dθ2 + r2 sin2 θ dφ2
)
, (1.2)
where a(t) is the scale factor of the Universe, normalised to unity in the present
(a(t0) = 1) and k indicates the intrinsic curvature of space-time taking one of three values
k = −1, 0,+1, corresponding to negative, zero and positive curvature respectively.
From this solution it is possible to derive the dependence of the scale factor evolution
on the mass-energy content of the Universe:
H2 =
(
a˙
a
)2
=
8πG
3
ρ − kc
2
a2
+
Λc2
3
, (1.3)
referred to as the Friedmann equation, where ρ is the total energy density of the
Universe and Λ can be interpreted as field with an energy density that does not depend on
the expansion of the Universe. Defining a critical density of the Universe which satisfies
the condition k = 0 we have:
ρc =
3H2
8πG , (1.4)
which we may use to rewrite the Friedmann equation in terms of critical densities,
e.g. ΩM = ρM/ρcrit:
H2(a) = H20
[
ΩDE + Ωma
−3 + Ωra
−4 − (Ω − 1) a2
]
, (1.5)
whereΩDE is the dark energy density,Ωm is the non-relativistic matter energy density
and Ωr is the radiation energy density and H0 is defined in Eqn. 1.10. From Eqn. 1.5 it
can be seen that different components of the matter-energy content of the Universe dom-
inate the evolution at different times, see Section. 1.4 for more details.
Various alternatives to Einstein gravity and the standard model of cosmology have
been proposed. However, to be considered as a replacement theory each must be at
least as consistent with current observations as General Relativity. Some examples are:
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Self-accelerating models which do not require a cosmological constant, (e.g. Silva &
Koyama, 2009); Bouncing cosmologies which do away with the difficult question of why
a big bang scenario might arise (e.g. Cardoso & Wands, 2008) and non-trivial spatial
topologies (e.g Cresswell et al., 2006) in which General Relativity still applies to the
local geometry, but the usually unspecified global topology is assumed to be non-trivial
and non-infinite in at least one direction.
1.2 Redshift
Observed redshift is a ratio of the emission of light from an object at an assumed rest-
frame wavelength and at the observed wavelength after Doppler shifting due to the mo-
tion of the object away from the observer (Hogg, 1999):
z ≡ νe
νo
− 1 = λo
λe
− 1. (1.6)
The radial motion is due to a combination of the expansion of the Universe, referred
to as the Hubble flow, and the radial component of the non-cosmological peculiar velocity
of the object. Ignoring peculiar velocities, we may write,
1 + z = a(t0)
a(te) =
1
a(te) . (1.7)
For small redshifts, and hence small distances, d (see Section. 1.3), we have,
z ≈ v
c
=
d
DH
, (1.8)
where DH is the Hubble distance defined in Eqn. 1.11.
There are two processes which cause an object’s redshift to deviate from the relation
described in Eqn. 1.8. The first effect is the peculiar velocity of a given galaxy due to the
galaxy’s motion towards some local overdensity in the matter field, known as the Kaiser
effect this distorts distance measurements inferred from redshifts and so distorts cluster-
ing measurements. The second is known as the Fingers of God effect, the virialisation of
the motion of collapsing objects increasing their velocity dispersion (e.g Kaiser, 1987).
Efforts can be made to mitigate the effects of these processes, however this introduces a
new source of potential systematic error into the analysis and in this thesis we choose to
carry out our work in redshift space with an application of the methods of Chapters 3 & 4
to redshift space distortion corrected data left to future work.
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1.3 Distance and volume measurements
Eqn. 1.8 gives a linear relationship between redshift and distance. If we assume a linear
relationship between redshift and recession velocity (which is valid for small z) then it
is possible to surmise a linear relationship between recession velocity v and distance d
(Hogg, 1999):
v = H0 d. (1.9)
where H0 is the constant of proportionality. This is also the only recession velocity-
distance relationship that satisfies the cosmological principle (Peacock, 2003). This re-
lation was confirmed to be a good fit to the available data in one of the earliest result
in observational physical cosmology by Hubble (1929). A current best estimate of this
parameter is 71.0 ± 2.5Km.s−1.Mpc−1 (Larson et al., 2010), where 1 parsec (pc) is the
distance from a point to an object which subtends 1 arcsecond of parallax angle against
a fixed (distant) reference when the observer moves 1 astronomical unit (AU, the mean
distance from the Earth to the Sun) perpendicular to the line of sight.
It is common to write the Hubble constant in terms of a dimensionless Hubble pa-
rameter (Hogg, 1999):
H0 = 100 h [km s−1 Mpc−1]. (1.10)
The Hubble distance is a convenient quantity often used to define distance measures:
DH =
c
H0
. (1.11)
The luminosity distance is defined as
DL ≡
√
L
4πS , (1.12)
where L is the bolometric luminosity and S is the flux.
The angular diameter distance is defined as the ratio of an object’s physical transverse
size to its angular extent:
DA(z) = transverse size(α) , (1.13)
where α is the angle subtended by the object ion the sky.
A comoving distance can be defined for which objects that only move relative to each
other with the expansion of the Universe always have the same separation, the radial
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comoving distance may be written as:
DC(z) = DH
∫ z
0
dz′
E(z′) . (1.14)
where,
E(z) ≡
√
ΩM(1 + z)3 + Ωk(1 + z)2 + ΩΛ, (1.15)
and
ΩM + Ωk + ΩΛ = 1. (1.16)
The luminosity distance, transverse comoving distance and angular diameter distance
are related by:
DL(z) = (1 + z)DM(z) = (1 + z)2DA(z). (1.17)
Assuming Ωk = 0 allows us to write
DM(z) = DC(z). (1.18)
The comoving volume element may then be defined as:
dVc = DH
(1 + z)2D2A
E(z) dΩ dz = DH
D2C
E(z) dΩ dz, (1.19)
where dΩ is the solid angle element.
1.4 A brief history of the Universe
The observation that the Universe is currently expanding implies that it was smaller in
the past; following energy conservation the Universe must have been hotter and denser
when it was small, and so these models are called Hot Big Bang models.
In inflationary models (Guth, 1981) the very early universe undergoes a period of
exponential expansion. These models conveniently explain the apparent flatness of the
Universe in the current epoch and uniformity of the temperature across the cosmic mi-
crowave background in areas which would not otherwise have been in causal contact.
Density perturbations in the post-inflation Universe are assumed to have been seeded by
quantum fluctuations which were blown up by the inflation event (Peacock, 2003). This
hot, dense plasma cooled as it expanded. When the average temperature of the plasma
reach 13.5eV electrons combined with protons to form neutral helium and the mean free
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path of the photons became effectively infinite. The relic radiation from this decoupling
has cooled to an average temperature of 2.73 Kelvin due to the expansion of the Universe
and is referred to as the cosmic microwave background (CMB) (e.g. Bennett et al., 1996).
See Section 1.5.3 for a brief overview of some of the CMB observational experiments.
From equation 1.5 it can be seen that the evolution of the Universe is dominated by
different components at different times. At very early times, as a → 0 the radiation term,
dependent on the largest inverse power of the scale factor, dominates the dynamics. At
late times, as a → ∞ all the terms other than the cosmological constant vanish. As the
matter term is dependent on a smaller inverse power of the scale factor than the radiation
term, the matter term will dominate at intermediate times.
During the matter dominated era the density perturbations in the matter grow due
to gravitational collapse. Baryonic matter forms into gravitationally bound structures,
called galaxies, which are described in Section 1.6.
1.5 Current cosmological constraints
Astrophysical cosmology, combining truly huge datasets (e.g. Bennett et al., 1996; Col-
less et al., 2003; Adelman-McCarthy et al., 2006; Hinshaw et al., 2007; Spergel et al.,
2007) and the tools of statistical inference (e.g. Lewis & Bridle, 2002; Hobson et al.,
2002; Marshall et al., 2006; Liddle et al., 2006; Lahav & Liddle, 2006), has told us a
huge amount about the nature of the observable Universe. The primary dataset used
in this thesis is the Sloan Digital Sky Survey (Adelman-McCarthy et al., 2006); where
cosmological parameters are assumed in analyses they are taken from the WMAP exper-
iment third year data, best fit WMAP only results (Spergel et al., 2007) unless specified
otherwise.
1.5.1 Evidence for the existence dark matter
Since the 1930s observational evidence has been gathered that suggests that the majority
of matter in the Universe is not visible. In 1937 measurements of the mass of the Coma
galaxy cluster were made based on both the amount of luminous matter visible and the
dynamics of galaxies within it from the application of the Virial theorem, the dynamical
mass estimate exceeded that of the luminous matter by a factor of ∼ 500 (Zwicky, 1937).
In 1970 measurements of the rotation curve of the Andromeda galaxy M31 showed devia-
tion from simple Keplerian motion out to a high galactic radius suggesting the presence of
unseen matter (Rubin & Ford, 1970). There have also been attempts to detect “dark mat-
ter” more directly through effects such as gravitational lensing (Kochanek, 2005; Clowe
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Figure 1.1: An illustration of type Ia supernovae discovered in the SDSS-II survey. Each
image is centered on a supernova that can be seen with its host galaxy in the background.
Credit for image: B. Dilday and the Sloan Digital Sky Survey (http://www.sdss.org).
et al., 2006) and interactions with underground detectors (Sumner, 2004). For reviews of
astronomical dark matter observational evidence see Rubin (2003); Kuijken (2005).
1.5.2 Evidence for the existence of dark energy
Observations of supernovae have provided evidence that the expansion of the Universe
is accelerating (e.g. Perlmutter et al., 1998; Riess et al., 1998; Dilday et al., 2010). Su-
pernovae type Ia occur when a white dwarf star reaches its Chandrasekhar mass limit
and undergoes a massive amount of nuclear fusion in a short time, ∼ days. After nor-
malisation the shape of the emitted light-curve is near identical in all cases, allowing the
supernovae to be used as standard candles. This provides direct measurement of the ob-
ject’s redshift and luminosity distance. Fitting cosmological models to this distribution
favours the existence of a cosmological constant, referred to as a dark-energy field, as
seen in Eqns. 1.1 & 1.3. It has been suggested that dark energy and dark matter might
interact Caldera-Cabral et al. (2009).
Figure 1.1 illustrates a sample of type Ia supernovae taken from the SDSS-II survey.
Note how in each case they outshine their host galaxy.
1.5.3 Information from the cosmic microwave background
The Cosmic Background Explorer (COBE) (Bennett et al., 1996) determined that the cos-
mic microwave background radiation (CMB), emitted when the primordial plasma of the
early universe became cool enough for a phase transition to predominantly neutral hydro-
gen to take place, has an emission spectra of an almost perfect black body with deviations
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Figure 1.2: A breakdown of the energy content of the Universe from WMAP 3 data.
Image credit: NASA/the WMAP science team.
from its mean temperature 2.725 +/- 0.002 Kelvin across the sky at the level of one part in
one hundred thousand. The Wilkinson Microwave Anisotropy Probe (WMAP) (Hinshaw
et al., 2007; Spergel et al., 2007) later made statistically significant measurements of
these tiny fluctuations in the temperature (e.g. Bennett et al., 2003) of the early Universe,
indicating the presence of perturbations in density which through gravitational collapse
grew to form the large scale, gravitationally bound structures (clusters of galaxies) which
we see in the Universe today (Straumann, 2006; Eisenstein et al., 2005). The WMAP
experiment has now released a seventh year of scientific data and analyses (e.g. Larson
et al., 2010).
A key result from WMAP was a constraint on the relative contribution of the compo-
nents of the Universe to the total energy density, see Figure 1.2 for typical results.
Assuming a ΛCDM cosmological model in which the Universe contains energy den-
sity contributions from a cosmological constant, cold dark matter and baryonic matter,
the current best fit WMAP parameters are given in Table 1.1.
Where h is the Hubble parameter defined in Eqn. 1.10, Ωb is the physical baryon
density in terms of the critical density as defined in Eqn. 1.4, ΩDM is the cold dark matter
density, ΩΛ is the dark energy density, ∆ 2R is the amplitude of the primordial, scalar
perturbations, τ is the optical depth of the last scattering surface, ns is the spectral of the
density perturbations, Ωm is the total mass energy density, t0 is the age of the Universe,
σ8 is the amplitude of the density perturbations, in linear theory, smoothed at a scale of
8h−1 Mpc and zeq is the redshift of matter-radiation equality.
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Table 1.1: Best fit ΛCDM cosmological model key parameters from the Larson et al.
(2010) analysis of the WMAP seven year data.
Parameter Best fit value
h 0.710 ± 0.025
Ωb 0.0449 ± 0.0028
ΩDM 0.222 ± 0.026
ΩΛ 0.734 ± 0.029
∆ 2R (2.43 ± 0.11) × 10−9
τ 0.088 ±0.015
ns 0.963 ± 0.014
Ωm 0.266 ± 0.029
t0 13.75 ± 0.13 Gyr
σ8 0.801 ± 0.030
zeq 3196+134−133
Larson et al. (2010) state that none of the models they consider are a statistically
better fits to the available data than the ΛCDM model. The persistent success of this
model, being also confirmed by other probes such as galaxy redshift surveys, Lyman-
alpha surveys and supernovae surveys, has lead to it being referred to as the concordance
cosmology.
1.6 Galaxies
We find that the visible baryonic matter is clumped in objects of about 1011 solar masses,
which are referred to as galaxies. Galaxies can be subdivided according to various ob-
servable quantities, such as the distribution of their luminous matter or their colour. We
briefly describe such populations in Section 1.6.1, first we define galaxy absolute magni-
tude and colour.
Apparent magnitude is a measure of the luminosity of an object relative to some
zero-point calibration, as for instance given by the AB magnitude system:
mAB = −2.5 log10( fv) − 48.60, (1.20)
where fv is the flux from the object measured in erg.sec−1.cm−2.Hz−1 (Oke, 1971).
Absolute magnitude is then defined as being the magnitude of an object observed at a
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distance of 10pc and is related to the observed apparent magnitude, m, through Eqn. 1.21:
M = m − log10
[
DL(z)
10 [pc]
]
− K(z), (1.21)
where DL is the luminosity distance as defined in Eqn. 1.17 and K is the k-correction
which corrects for the fact that objects observed at different redshifts are generally ob-
served at different rest-frame wavelengths (Hogg et al., 2002) - i.e. it corrects for the fact
that for two objects with identical spectra which exist at different redshifts, observed by
an instrument with a (set of) finite-width band-pass filter(s) of a given shape, that filter
will sample different parts of the rest-frame spectra of the two objects.
Note that the following relationship holds between absolute luminosity and absolute
magnitude:
log10
( L
L⋆
)
=
1
2.5 (M − M
⋆), (1.22)
where L⋆ and M⋆ are a reference absolute luminosity and magnitude for the same
source (Lang, 1997).
Rest frame colour as used throughout this thesis is defined as the difference between
two absolute magnitudes observed through different band-pass filters. Throughout this
thesis when we refer to our measurements or analysis of galaxy colour, we specifically
mean unless stated otherwise, rest-frame colour defined by the relation:
C = Mg − Mr, (1.23)
where Mg and Mr are the absolute magnitudes observed in the g and r bands of the
Sloan Digital Sky Survey (Fukugita et al., 1996; Gunn et al., 1998) respectively, for more
information on the SDSS please see Chapter 2.
1.6.1 Galaxy populations
Galaxy morphology and colour have been used as a basis for galaxy population selection
(see Sections 1.6.2 & 1.6.3 for references) although, as there is not a one to one corre-
spondence between the two quantities, e.g. not all spiral galaxies are exactly the same
colour, it is clear that neither of them uniquely identifies a galaxy’s formation history.
Observations of galaxy morphology and colour suggest that there are at least two popula-
tions of galaxies with distinct formation histories as discussed in Sections 1.6.2 & 1.6.3.
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Figure 1.3: A Hubble classification tuning fork diagram with thanks to ESA and NASA
for making this diagram publicly available.
1.6.2 Galaxy morphology
Although a great deal of information about a galaxy’s structure, and so dynamical his-
tory, is evident in the distribution of its visible mass, it has proved difficult to extract
meaningful quantitative measurements from this morphology; for instance several peo-
ple looking at an image of a spiral galaxy could disagree on how many spiral arms it has.
Even so, it is clear that the galaxy population can be split into spirals (or late-types) and
early-types (comprising elliptical and lenticular galaxies). This natural division strongly
implies (at least) two different evolutionary paths. These two broad morphology types
and an implied evolutionary history are shown in Figure 1.3. Studying the behaviour of
these separate morphological classes can help us to understand the physical mechanisms
at work in the galaxy population.
In an attempt to include physical, morphological information in studies of large
galaxy surveys, a variety of structural statistics have been used as proxies to try to under-
stand the importance of different physical processes, and their relationship to large scale
physics. The most widespread of these are concentration, the ratio of the radii containing
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two different fractions of a galaxy’s total flux (e.g., Strateva et al., 2001); and the index
of a Sersic profile fit to a galaxy’s radial profile (e.g., Blanton et al., 2003c). In principal,
concentration and Sersic index quantify the dominance of the spheroid and disk com-
ponents within a galaxy. These structural quantities are related to visual morphology,
early-type galaxies generally being more concentrated and having higher Sersic indices
than spirals; but the correspondence, as with colour, is far from perfect (e.g., van der
Wel, 2008), for example these quantities contain no information about spiral arms. Fur-
thermore, it has been shown that these quantities display a large scatter versus bulge/disk
ratio in a significant fraction of cases, even for model images (Gonzalez et al., 2008).
As part of this thesis we utilise visual morphological classifications for ∼ 105 galaxies
from the Galaxy Zoo project (Lintott et al., 2008) to investigate the differences between
morphological and colour based divisions of the galaxy population. We do so by measur-
ing luminosity functions (see Chapter 3), long used as one of the fundamental methods
of studying and characterising galaxy populations.
1.6.3 Galaxy colour
The integrated light from a galaxy encodes its star formation history (e.g. Bruzual &
Charlot, 2003). Stellar populations of different ages and metallicities in the host galaxy
affect the shape of its observed spectrum (e.g. Bruzual & Charlot, 2003), with older
populations resulting in redder spectra with most of the blue light in young populations
coming from main sequence stars (e.g. Maraston, 1998). The effects of age and metallic-
ity on the broadband colours of galaxies are somewhat degenerate (e.g. Maraston, 2005;
Renzini, 2006).
It has been known for some time that the colour-magntiude relation of early-type
galaxies has a predictable form. Given a galaxy with a stellar population of a known
metallicity this relationship allows limits to be placed on the age that population (Bower
et al., 1992). Assuming that early-type galaxies tend to be red then this colour-magnitude
relation can be seen in the “red sequence” of Fig. 2.5.
Galaxy colour, like galaxy morphology, is observed to be bimodal, again suggesting
that there exist at least two observed galaxy populations with different evolutionary his-
tories (Strateva et al., 2001; Baldry et al., 2004). In this thesis we are interested in galaxy
colour as an empirical selector of galaxy population. It has long been apparent that there
is an overall correlation between morphological type and colour, early-types have a ten-
dency to be redder red while spirals have a tendency to be more blue. The connection
between the morphological structure of a galaxy and its colour has now been shown very
clearly (e.g., Strateva et al., 2001; Driver et al., 2006). Given the simplicity with which
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galaxy rest-frame colour can be measured it has become a very popular quantity with
which to define galaxy populations for study. Because of this clear correlation it has be-
come common practice for studies which utilise colour alone to discuss their results in
morphological terms: referring to red galaxies as early-type galaxies and blue galaxies
as late-type galaxies. However, this can be misleading, as morphology and colour are
certainly not perfectly correlated (e.g. Bernardi et al., 2006) and they provide different
and complementary information. Our work investigating the dependence of luminosity
functions on both colour and morphology as presented in this thesis is a novel exploration
of this relationship.
1.7 Statistical distributions of galaxy properties
Galaxies are not randomly distributed in relation to their observable properties such as
absolute luminosity or redshift. A typical galaxy will have an absolute luminosity of
∼ 1012 solar luminosities and observations show a larger number of small, faint galaxies
than large, bright ones.
Luminosity functions are used to describe the distribution of galaxy number number
density as a function of absolute luminosity. As stated in Section 1.6.2 we investigate
the dependence of luminosity functions on each of galaxy colour and visual morphol-
ogy individually and then on both combined. We find non-trivial relationships between
colour and morphology, highlighting the need for automated morphological type deter-
mination in future survey analysis. For further information on luminosity functions and
our methods for measuring and analysing them please see Chapter 3.
We then go on to derive redshift and so radial distributions of the galaxies from lu-
minosity functions derived for samples selected in colour only. These distributions are
subsequently used to measure power spectra for each galaxy sample and so to measure
galaxy clustering bias as a function of galaxy colour.
1.8 The distribution of matter in the Universe
The primordial perturbations in the density field grow through gravitational collapse to
form over-dense regions in which galaxies form. The angular positions and redshifts of
galaxies can then be combined to reveal the three-dimensional distribution of luminous,
baryonic matter in the Universe (Peacock, 2003; Peebles, 1994).
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Figure 1.4: Illustration of the distribution of galaxies in a slice through the SDSS galaxy
catalouge. Red points represent galaxies with older star populations, blue and green
points represent galaxies with younger star populations. Credit for image: M. Blanton
and the Sloan Digital Sky Survey (http://www.sdss.org).
Luminous matter is not randomly distributed in the Universe, this is evident in Fig-
ure 1.4 which displays angular position and redshift data for a sample of galaxies from
the Sloan Digital Sky Survey.
This overdensity field can be characterised by deviations from an expected density
field which contains no large-scale clustering:
δ(x) = ρ(x) − ρ¯
ρ¯
. (1.24)
Eqn. 1.24 shows that the average over-density field 〈δ(x)〉x = 0.
Assuming the density perturbations form a Gaussian random field then all the avail-
able information is expressed in the two-point function (Peacock, 2003) as described in
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Section 1.8.1.
1.8.1 Two-point Functions
If the angular and radial distributions of the galaxies are known they can be used to
construct a random catalogue, representing the expected number density distribution of
the galaxies without large-scale clustering, as described in Chapter 2. These random
catalogues can be used together with the actual data to determine the excess number
counts of galaxies in a given region of space. The moments of this spatial clustering
distribution may then be calculated, the most common analysis being the determination
of the second moment of excess number density as a function of separation, the two-point
correlation function, or equivalently its Fourier transform the power spectrum (Peacock,
2003):
ξ(r) ≡ 〈δ(x)δ(x + r)〉V =
V
(2π)3
∫
|δk| 2 e−ik·rd 3k, (1.25)
where the common notation P(k) for power spectrum is defined as P(k)≡
〈
|δk|2
〉
.
This is a very powerful statistic as under the assumption of a statistically isotropic
and homogeneous universe all clustering information is contained in the isotropically
averaged of the correlation function.
It is sometimes convenient to define a dimensionless expression of the power spec-
trum:
∆ 2(k) ≡ V(2π)3 4πk
3 P(k) = 2
π
k 3
∫ ∞
0
ξ(r)sin(kr)kr r
2dr. (1.26)
Our methods for measuring power spectra and the results of our anaylysis can be seen
in Chapters 4 & 5.
The large-scale shape of the linear matter power spectrum, defined on those scales
where δ(x) << 1 and so linear perturbation theory holds, is dependent on Ωm h because
of the change in the evolution of the Jeans scale after matter-radiation equality (Silk,
1968; Peebles & Yu, 1970; Sunyaev & Zeldovich, 1970; Bond & Efstathiou, 1984, 1987;
Holtzman, 1989), generally referred to as the Me´sa´ros effect. Small scale power can
be wiped out by the random velocities of free-streaming, relativistic particles in the early
Universe; the fact that we do see features in the power spectrum at scales smaller than the
horizon scale at matter-radiation equality is one of the main arguments in support of cold,
rather than hot, dark matter. Changes in the general shape of the power spectrum caused
by such physical processes are hard to separate from galaxy bias, which also imprints a
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signature that changes smoothly with scale. This is one of the key cosmological reasons
for trying to understand galaxy bias.
Baryon acoustic oscillations (BAOs) are an observable feature in the distribution of
baryonic matter in the Universe characterised by peaks in the matter density distribution
at physical separations of approximately 0.06 h Mpc−1 (e.g Eisenstein et al., 2005; Perci-
val et al., 2010). These peaks form a periodic signal with many physical loci and so are
most easily visible as a feature in the matter power-spectrum at large scales. The oscil-
lations originate from the primordial cosmological perturbations in the early Universe,
propagating as sound waves in the hot dense plasma until the electrons in the plasma
combine with protons to form a predominantly neutral hydrogen gas transparent to pho-
tons, this is known as the epoch of recombination. At this point the density perturbations
in the baryons no longer act like sound waves; momentum allows the perturbations to
continue to expand after the radiation pressure has been removed, this continues until
what is termed the baryon-drag epoch. The wavelength of the BAOs depends on the size
of the comoving sound horizon at the baryon-drag epoch. Best fit WMAP seven year
parameters (Larson et al., 2010) give a comoving sounds horizon of rs = 153.2Mpc.
1.9 Galaxy bias
In order to use visible large scale structure for cosmological inference, by deriving cos-
mological parameters from the power-spectrum, it is necessary to quantify the relation-
ship between the overdensities in the luminous, baryonic matter and those in the under-
lying dark matter distribution (e.g Kaiser, 1984; Bardeen et al., 1986), usually referred to
as bias 1.
1.9.1 Why does galaxy bias exist?
Galaxies are not expected to form a Poisson sampling of the distribution of matter in the
Universe. It has been known for some time that different populations of galaxies demon-
strate different clustering strengths (e.g. Davis & Geller, 1976; Dressler, 1980; Park et al.,
1994; Peacock & Dodds, 1994; Seaborne et al., 1999; Norberg et al., 2001, 2002; Zehavi
et al., 2002, 2005), showing that they cannot cannot all be unbiased tracers of the under-
lying mass structure Dekel & Lahav (1999). Without understanding galaxy bias we are
limited in our ability to extract cosmological data from galaxy surveys (Percival et al.,
2007; Sa´nchez & Cole, 2008).
1For a visualisation of the structure of dark matter see the results of the Millennium numerical simula-
tion http://www.mpa-garching.mpg.de/galform/press/
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1.9.2 Measures of bias
Galaxy clustering bias may be defined as :
ξGal−Gal = b2 ξDM−DM, (1.27)
from theoretical considerations of the biasing of density peaks in Gaussian random
fields(Kaiser, 1984; Bardeen et al., 1986).
If we assume a simplistic relationship between between the overdensities in the lumi-
nous and dark matter:
δGal = b δDM, (1.28)
known as deterministic, linear bias (Peacock, 2003), then Eqn. 1.27 is implied - note
however that the inverse relationship is not true (Dekel & Lahav, 1999). This simple
relationship breaks down for b > 1, giving δgal < −1 which from Eqn. 1.24 can be seen
to be non-physical.
Equation 1.28 gives a constant bias factor, more generally one could write:
δGal = b1 δDM + b2 δ2DM + b3 δ3DM... + ǫ, (1.29)
which is the Taylor expansion of some non-linear relationship between the dark matter
and luminous matter density fields and where ǫ encodes small deviations from the deter-
ministic nature of the relationship, referred to as the stochasticity, which may be due to
various observational factors, environmental processes or other factors such as the galax-
ies being a discrete sampling of a continuous field (shot noise) and has is defined by
(Dekel & Lahav, 1999) in the relationship:
δGal = b(δDM) δDM + ǫ, (1.30)
where b = constant and ǫ = 0 recovers the deterministic, linear bias case in Equa-
tion 1.28.
Bias is expected to evolve with redshift (e.g. Schaefer et al., 2009). However, in this
thesis, we will only be concerned with the relation between the galaxy and mass power
spectra as measured over the redshift range of a survey, and therefore define a practical
measure of galaxy bias
Pg(k) = b(k)2Plin(k). (1.31)
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Such a model can incorporate some of the complexities discussed above, but is local in
k-space, so cannot include any mode coupling terms, which are expected to be present.
1.9.3 The peak background split model
As we move to large scales, the galaxy bias is expected to tend towards a constant value.
The simplest model for this is the peak-background split model (Bardeen et al., 1986;
Cole & Kaiser, 1989). Here galaxy formation depends on the local density field. Large
scale density modes can alter the local galaxy number density by pushing pieces of the
density field above a critical threshold. On large scales we expect a linear relationship
between the large scale mode amplitudes and the change in number density, so the shape
of the galaxy and mass power spectra are the same. The mass function of Sheth & Tormen
(1999) provides a bias function that is a good fit to numerical simulations.
1.9.4 The halo model
The halo model (e.g. Mo & White, 1996; Seljak, 2000; Peacock & Smith, 2000; Cooray
& Sheth, 2002) considers virialized clumps of dark matter with a typical overdesnity
of ρ/ρ¯ ∼ 200 (c.f. the peak-background split model). Galaxies populate these halos
according to the physics of galaxy formation, which may be modelled by the so called
halo occupation distribution (e.g. Berlind & Weinberg, 2002). As a result galaxy bias
interpreted within the halo model may be split into two regimes: the “two-halo term”
which considers the clustering of galaxies in separate halos on large scales; and the “one-
halo” term, considering the smaller scale clustering of galaxies within a single halo.
A key parameter of the halo model is the cutoff mass Mmin below which a halo cannot
contain galaxies, increasing Mmin, which increases the average number of galaxies, in-
creases the measured correlation function of galaxies at all scales, but has a much larger
effect at large scales. The width of the distribution of the number of galaxies within a
halo affects the correlation function, with broader distributions resulting in more power
on smaller scales. The physical distribution of a fixed number of galaxies within a halo
also affects the correlation function, with more centrally located galaxies boosting the
small scale correlation (Berlind & Weinberg, 2002). The halo model has been adapted to
incorporate colour dependent bias (Collister & Lahav, 2005).
1.9.5 The importance of measuring bias
Large-scale bias provides constraints on possible galaxy formation models. Wild et al.
(2005) proposed bivariate lognormal models of relative bias motivated by observations of
galaxy distributions. The data were found to support a small but significant (everywhere
CHAPTER 1. INTRODUCTION 19
Figure 1.5: An example of the effect of bias correction on a power spectrum taken from
taken from Percival et al. (2004). In the upper panel the lower solid thin line shows a
standard model power spectrum (dimensionless and ratioed to the power spectrum of the
input random catalogue), the upper solid thick line shows the power spectrum corrected
for the effect of luminosity dependent bias, the points are data from the 2dFGRS. The
lower panel shows the ratio of the two lines, illustrating the effect of not correcting for
luminosity dependent bias as a function of scale.
<5%) amount of stochasticity and non-linearity in these models on all scales, implying
that galaxy formation is not solely a function of local density. A related work, Conway
et al. (2005), also supported these findings. Effects such as these must be understood in
order to properly extract cosmological information from the next generation of galaxy
surveys (e.g Zheng & Weinberg, 2007). Figure 1.5, taken from Percival et al. (2004),
illustrates the effects of failing to correct for bias on power spectra measurements.
There are examples in the literature of bias studies on the 2dFGRS data, noteably
Conway et al. (2005) and Wild et al. (2005), which explore the relationship between bias
, galaxy colour and spectral type (characterised as early-type and late-type). Both studies
employ a method know as counts-in-cells (CIC) (e.g. Efstathiou et al., 1990; Baugh et al.,
1995; Baugh et al., 2004; Conway et al., 2005; Wild et al., 2005; Croton et al., 2004),
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which provides a measure of the variance of the number of galaxies found within cells
of a given size in redshift space. The variance of number density as a function of scale
is a measure of the presence of large scale structure in the galaxy distribution and can be
related to the two-point galaxy correlation function through equation 1.32:
σ2 =
1
V2
∫
V
dV1dV2ξ(r), (1.32)
where V is the volume of cubical cells defined by side length ℓ which contiguously
tile space. Croton et al. (2004) consider a superposition of many overlapping spherical
cells. The method may also be applied to clusters of galaxies (Holder, 2006).
Constraining the relationship between bias and observational parameters is one of the
primary drives of this thesis.
1.9.6 Bias dependence on observables
The bias could potentially be a function of a number of (possibly correlated) observable
parameters such as galaxy luminosity and colour, and could depend on spatial param-
eters such as observational scale and redshift (Dekel & Lahav, 1999; Taruya & Suto,
2000; Verde et al., 2002; Tegmark et al., 2004b; Collister & Lahav, 2005; Conway et al.,
2005; Wild et al., 2005; Percival et al., 2007). The relationship between bias and galaxy
luminosity and colour will be examined in this thesis.
Previous work examining the observed dependence of the large scale bias on lumi-
nosity was carried out by Norberg et al. (2001) who proposed the phenomenological
model
b = b1 + b2L/L⋆, (1.33)
Tegmark et al. (2004a) extended this to better fit the available data by including an
extra parameter in the form
b = b1 + b2L/L⋆ + b3(M − M⋆). (1.34)
Swanson et al. (2008) reexamined both these models for samples split by galaxy
colour. Wild et al. (2005) also examined the colour dependence of relative bias. Zehavi
et al. (2005) presented colour dependent and luminosity dependent measurements of the
projected correlation function of SDSS galaxies. In all cases subsets of the data existed
where some aspect of the bias model in question was shown to be a function of colour or
luminosity. We extend the understanding of the dependence of bias on colour, luminosity
and scale in Chapters 4 & 5.
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It has been claimed that the stochastic, non-linear bias model predicts a weak scale
dependence of the bias function (Taruya & Suto, 2000), however there has been some
observational based refutation of this (Percival et al., 2007).
1.9.7 Bias and neutrino mass
There is some degeneracy in the effects of bias and neutrino mass on the shape and
amplitude of the power spectrum. Detailed, phenomenological models of bias would be
a necessary starting point in an investigation of this relationship.
1.10 Overview of this work
With the advent of large, collaborative satellite and groundbased projects providing ex-
tensive observational datasets this discipline has gained a secure quantitative footing.
Statistical techniques, for example the determination of the Bayesian evidence, have
emerged which test the relative validity of cosmological models in the light of obser-
vational data (Hobson et al., 2002; Lewis & Bridle, 2002; Marshall et al., 2006; Liddle
et al., 2006) and model parameters may now typically be determined to the one or two
significant figure level (Lahav & Liddle, 2006). The science of physical cosmology has
entered an era in which precise and thorough analysis is required to significantly increase
the accuracy of our inferences. For instance, without a precise knowledge of galaxy bias
there is a limit to the accuracy with which we can measure cosmological parameters
from large scale structure (Percival et al., 2004; Zheng & Weinberg, 2007), and in or-
der to properly measure bias it is beneficial to understand the luminosity distribution of
galaxy populations selected by their evolutionary history.
In order to understand cosmology using galaxy surveys we need to understand the
stastistcal properties of galaxies. Here we present studies of the spatial and luminosity
distribution of galaxies; these are designed to enable us to use the galaxy distribution
more robustly to obtain cosmological information.
We have examined the dependence of the luminosity distribution of galaxies on colour,
morphology and colour and morphology combined in an attempt to quantify differences
between these populations. This then allows us to create redshift distributions for each of
those populations, a necessary step in the measurement of clustering bias from the power
spectrum.
In order to use the power spectrum to extract cosmological information, we need
to investigate the transition between scale-independent and scale-dependent galaxy bias.
This transition is known to be a function of the galaxy population chosen. Comparing
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work in Cole et al. (2005) and Percival et al. (2007), which used the same techniques,
and the analysis of Sa´nchez & Cole (2008), shows that there are deviations between the
shapes of the 2dFGRS and SDSS galaxy power spectra. If this results from galaxy bias
and the fact that the 2dFGRS selected galaxies in a blue band whilst the SDSS selected
galaxies in a red band, then we should expect that similar changes show up in red and
blue galaxies drawn from a single survey. Using the SDSS, Percival et al. (2007) showed
that at k = 0.2 h Mpc−1, the shape of the power spectrum is a strong function of the r-
band luminosity. In this thesis we extend this work by splitting in galaxy colour and
luminosity, and by fitting models to the resulting power spectra, in order to see if the
SDSS contains sufficient galaxies to fully explain the trend observed between SDSS and
2dFGRS galaxies.
In Chapter 2 we discuss the SDSS and present the work done to select catalogues
that we will analyse. As well as splitting by colour we also split by visual galaxy mor-
phology obtained our observations of visual galaxy morphology from the Galaxy Zoo
project (Lintott et al., 2008). In Chapter 3 our methods for the measurement of luminos-
ity functions are detailed and our results are presented and discussed. In Chapter 4 we
discuss our methodology for measuring galaxy clustering biases. Chapter 5 contains the
results and discussions of these measurements. In Chapter 6 we present the discussion
of our results and proposals for future work. Appendix A contains a brief description of
likelihood calculations. In Appendix B we give the covariance matrices of our luminos-
ity function parameter fits. Appendix D contains sample images of galaxies of various
absolute luminosities, colours, morphological types and redshifts.
Chapter 2
Selecting Galaxy Samples
In this chapter we introduce the Sloan Digital Sky Survey and discuss how the galaxy
catalogues that will be used later in this thesis were selected. We also present the basic
properties of those catalogues.
2.1 Introduction to the Sloan Digital Sky Survey
We used galaxy catalogues selected from the public Sloan Digital Sky Survey Data Re-
lease 5 main galaxy sample. The Sloan Digital Sky Survey (SDSS; York et al. 2000;
Abazajian et al. 2008), which was recently completed, used a 2.5m telescope (Gunn
et al., 2006) to obtain 104 square degrees of imaging data in five passbands u, g, r, i and
z (Fukugita et al., 1996; Gunn et al., 1998).
The main galaxy sample (Strauss et al., 2002) consists of resolved sources with Pet-
rosian r-band magnitude mr,Petro ≤ 17.77 and some surface brightness limits.
The SDSS main spectroscopic galaxy survey has a current extinction corrected mag-
nitude limit of Petrosian r = 17.77 Adelman-McCarthy et al. (2006), giving a similar
angular galaxy density to the 2dFGRS.
The SDSS DR5 (Adelman-McCarthy et al., 2007) dataset contained 215 million
unique photometric objects over an area of 8000 square degrees from which 1,048,960
spectra were taken over 5740 square degrees with 674,749 having been classified as
galaxies. At the time of analysis this was the most current information available and
was publicly available (www.sdss.org/dr5).
We excluded a small subset of the data taken during initial survey operation, for
which the apparent magnitude limit fluctuated. This gives 410 095 galaxies with 14.5 ≤
mr,Petro ≤ 17.77 and redshift 0.3 > z > 0.003 in our main sample, and 354 659 with
redshift 0.2 > z > 0.003 that appear in the Galaxy Zoo survey; the lower redshift cut
strongly reduces the contribution from mis-classified stars. The median redshift of the
23
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main sample is z = 0.1. The main sample is derived from the catalogue used in Percival
et al. (2007), and further details can be found there.
2.1.1 Quantifying survey geometry
Statistical analyses of galaxy clustering rely on accurately quantifying the galaxy selec-
tion function — the relative likelihood of observing a galaxy in different region if there
was no galaxy clustering. In order to generate statistics which quantify deviations from
mass distributions with no large scale structure it is necessary to build models of these
smooth distributions.
A simple method for quantifying this is the generation of a random catalogue, a model
dataset in which the angular and radial distributions have the same large-scale statistical
properties as the real data smoothed on some scale. To create such catalogues for each
of the samples described in Section 2.4, we require different model radial selection func-
tion. The angular mask is the same for all catalogues as all the cuts being applied are
independent of angular position.
2.1.2 angular mask
The SDSS survey uses a drift scan strategy so the observations fall into the arcs of great
circles on the sky. The telescope is located in the northern hemisphere so the data is pre-
dominantly in the north with three southern stripes. At the time of our analysis the sample
was incomplete with a broad stripe missing from north, this can be seen in Figure 2.1.
There clearly a strong angular structure in the survey which if not understood and
corrected for would give a false clustering signal.
We use a HEALPIX 1 (Go´rski et al., 2005) mask to describe the angular galaxy distri-
bution as described in Percival et al. (2007) which includes detection of targeting areas,
plates, angular completeness (the probability of seeing an object on the spectroscopic
survey given that it was targeted in the photometric survey) and bad fields which as often
caused by bright stars or cosmic radiation.
1http://healpix.jpl.nasa.gov
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Figure 2.1: The angular mask of the SDSS DR5 main galaxy sample used in the galaxy
zoo morphology analyses.
2.1.3 radial galaxy distribution
There are two possible methods for generating the smooth, model radial distributions
needed for clustering statistic analyses. The first is to directly fit an analytic form for the
redshift distributions, for example the analytic formula of Baugh & Efstathiou (1993):
dN
dZ = A Z
2 exp
[
−
( z
zc
)2/3]
(2.1)
The second is to derive smooth, expected redshift distributions from the luminosity
functions of galaxy distribution. The luminosity functions are fit to the data using max-
imum likelihood methods applied to either so called “non-parametric models” which do
not a priori assume a functional form of the underlying distribution (Efstathiou et al.,
1988; Blanton et al., 2003a), or via parametric models such as the Schechter function.
In our analysis we apply the second option. Given the expected variation of galaxy
number density and absolute magnitude with redshift within the Universe, we apply red-
shift evolution parameters to the models following the convention of Lin et al. (1999).
See Chapter 3 for further details on the models and our methodology for constraining
their parameters. The derivation of the redshift distributions, and hence radial distribu-
tions, of the data from the luminosity functions is discussed in Chapter 4.
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2.1.4 Survey limits
As stated above the SDSS main galaxy sample is a magnitude limited sample - meaning
that every galaxy in the angular footprint of the survey that falls within the given apparent
magnitude limits should be included in the survey. Figure 2.4 shows the distribution of
red and blue galaxies in the SDSS DR5 main galaxy sample, clearly demonstrating the
effects of the upper and lower apparent magnitude survey limits.
The analyses described in Chapters 3 & 4 require the integration of various statistical
quantities over the survey limits. This requires defining one of two ranges: either the
range of absolute magnitude a galaxy observed at a given redshift could possess and still
fall within the survey limits; or the range of redshifts a galaxy with a given absolute
magnitude could lie within and still be observable in the survey.
In each case the limits were calculated in bins of redshift using an average k-correction
for that bin according to Eqn. 2.2,
Mlimit = mlimit − 5 log10(DL(z)) − 25 − ¯k(z), (2.2)
where DL(z) is the luminosity distance as defined in Eqn. 1.17.
An example of such limits used in the calculation of maximum-likelihood luminosity
function parameters are illustrated in Figure 3.5.
2.1.5 Comparison with 2dFGRS
The 2dFGRS (Colless et al., 2003) is a redshift survey containing reliable redshifts for
221414 galaxies brighter than a extinction corrected magnitude limit of bJ = 19.45 and
covers approximately 1500 square degrees (Colless et al., 2003) on the sky selected from
the extended APM Galaxy Survey (Maddox et al., 1990).
Whereas the 2dFGRS was selected in blue bJ band, the the SDSS was selected in the
red r band. Estimations of cosmological parameters derived by combining each survey
with other sets of data have yielded measurably different results (e.g. Spergel et al., 2007;
Percival et al., 2007), potentially as a result of the different selection criteria. Our results
in Chapter 5 support this hypothesis.
There is an angular overlap between the SDSS and 2dFGRS of around 300 square
degrees. Early in this PhD, as an exercise in object matching, a dataset of SDSS ob-
jects present in both surveys was constructed. Figure 2.2 illustrates the resulting dataset
existing in this overlap region.
The matching was carried out in both angular position and redshift. The holes in the
dataset are due to unobserved plates in the SDSS, this effect is more visible when the
aspect ratio of the sample is preserved as in Figure 2.3.
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Figure 2.2: Matched SDSS objects that appear in both the SDSS DR5 and the final release
of the 2dFGRS, positions taken from SDSS.
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Figure 2.3: As 2.2 but for a smaller section with the aspect ratio preserved. Note the
holes in the data, this is caused by unobserved spectroscopic plates in the SDSS data set.
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2.2 Sample construction
We divide our data into subsamples depending on combinations of absolute magnitude,
colour and morphology. The analyses of Chapter 3 are applied to samples constructed
from colour, morphology and colour and morphology cuts combined. The analyses of
Chapter 4 are applied to absolute magnitude and colour selected subsamples. The results
of those analyses are presented in Chapter 5. Sections 2.3, 2.4 & 2.6 outline the division
of the data in absolute magnitude, colour and morphology bins respectively.
2.3 Obtaining absolute magnitude information
For our analysis we have k-corrected the galaxy luminosities to a fiducial redshift z = 0.1
using the methodology outlined in Blanton et al. (2003b,a), which we indicate as M0.1r.
Absolute magnitudes and k-corrections were calculated assuming ΩM = 0.3, ΩΛ = 0.7
and h = H0/100 kms−1Mpc−1, with h = 1 where not explicitly specified. We have applied
the recommended AB zeropoint corrections to the observed SDSS photometric system
(Smith et al., 2002). We use Petrosian magnitudes throughout.
Two different absolute magnitude binning schemes were investigated. The first was a
bin width of 1 Magnitude, chosen for ease of comparison with other studies. The second
scheme was chosen to give approximately equal numbers of galaxies in each of 6 bins
and is illustrated in Figure 2.4; this improved the statistics at the extreme faint and bright
ends of the distribution. The second scheme was used for all bias results presented in this
thesis.
2.4 Obtaining colour information
As stated in Chapter 1 galaxies are divided into a at least two populations, physically
distinguished by their evolutionary history. Due to the relative ease of measurement, se-
lecting galaxies by their rest frame colour has been a commonly used proxy for selecting
galaxy formation history. Galaxy colour results from physical quantities such as star for-
mation rate and metallicity, and so does give an indication of the galaxies past, however
our finding in Chapter 3 indicate that belonging to one of the two populations visible in
the bimodal galaxy colour distribution does not uniquely identify a galaxy as having a
particular evolutionary history.
We define red and blue subsamples using a constant colour cut of M0.1g −M0.1r = 0.8,
chosen to divide the blue and red sides of the bimodality in the colour-magnitude diagram
as illustrated in Figure 2.5.
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Figure 2.4: The distribution of a random 10% sample of galaxies in absolute magnitude–
redshift space for the SDSS main galaxy sample. Red galaxies are shown in the top panel,
blue galaxies in the lower panel. The horizontal, dashed lines denote the boundaries of
the absolute magnitude bins.
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Figure 2.5: The distribution of galaxies in colour-absolute magnitude space. The dashed
line denotes the boundary of our colour split at M0.1g − M0.1r = 0.8.
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This is a different colour cut to that which has been used in some literature, e.g. Bam-
ford et al. (2008). By definition, appropriate colour cuts are located close to a minimum
of the galaxy distribution in the colour-magnitude plane, and so modest changes in the
adopted cut will only shift small numbers of objects between the red and blue samples.
Therefore, although the definition of the adopted colour cut will cause slight variations
in derived luminosity functions, we do not expect this issue to affect our qualitative con-
clusions. A small investigation was carried out into the effects of a magnitude dependent
colour cut. Tere was no significant effect caused by altering the cut, details can be found
in Appendix. C.
2.5 Combining magnitude and colour information
The absolute magnitude cuts and number of galaxies in each of the colour-magnitude
subcatalogues are presented here in Table 2.1. Fig. 2.4 illustrates the distribution of red
and blue galaxies within the imposed absolute magnitude limits. The absolute magni-
tude dependent high and low redshift limits seen in this diagram result from the apparent
magnitude limits of the survey. We could have cut the catalogues in order to make these
sub-catalogues volume limited, but we wish to retain as much signal as possible. Sig-
nificant cuts would have been required in order to remove all effects of evolution and
k-corrections. Percival et al. (2007) showed a compromise using “pseudo-volume lim-
ited” catalogues. We choose instead to estimate the redshift distribution by fitting the
luminosity function (see the next section), so we can model an apparent magnitude cut as
easily as a cut in absolute magnitude. This approach allows us to work with considerably
more galaxies and retain the maximum information.
Figure 2.6 shows that our colour cut does indeed fall into the minimum of the bimodal
galaxy distribution except for the faintest bins where there is a small deviation.
2.6 Obtaining morphological information
Colour is not the only distinguishing feature of the galaxy populations. As discussed
in Chapter 1 the distribution of visible matter in a galaxy, the galaxies morphology, is
also an indicator of a galaxy’s evolutionary history (e.g. Masters et al., 2010a). To date
automatic morphology detection has not been able to perform nearly as well as visual
classification by individuals - obviously this is incredibly labour intensive, will never
reach the hundreds of thousands of galaxies needed for rigourous statistical analyses and
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Figure 2.6: The distribution of galaxies per absolute magnitude bin as a function of
Mg−Mr colour. The dashed line denotes the boundary of our colour split at M0.1g−M0.1r =
0.8.
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bin absolute mean galaxy
magnitude M0.1r count
range
red 1 -22.30 ≤ M0.1r < -21.35 −21.79 ± 0.27 49167
red 2 -21.35 ≤ M0.1r < -20.89 −21.12 ± 0.13 41462
red 3 -20.89 ≤ M0.1r < -20.47 −20.70 ± 0.12 37819
red 4 -20.47 ≤ M0.1r < -20.00 −20.27 ± 0.14 34651
red 5 -20.00 ≤ M0.1r < -19.34 −19.75 ± 0.19 29742
red 6 -19.34 ≤ M0.1r < -17.00 −19.01 ± 0.38 17582
blue 1 -22.30 ≤ M0.1r < -21.35 −21.67 ± 0.24 17480
blue 2 -21.35 ≤ M0.1r < -20.89 −21.22 ± 0.13 25208
blue 3 -20.89 ≤ M0.1r < -20.47 −20.69 ± 0.12 28928
blue 4 -20.47 ≤ M0.1r < -20.00 −20.27 ± 0.14 32066
blue 5 -20.00 ≤ M0.1r < -19.34 −19.74 ± 0.19 36889
blue 6 -19.34 ≤ M0.1r < -17.00 −18.91 ± 0.49 48754
Table 2.1: Description of the subcatalogues analysed Chapter 5. The limits of the abso-
lute magnitude bins are given, with the weighted mean and standard deviation. We also
give the galaxy count for each bin.
is prone to systematic error. However, the advent of the world wide web and digital imag-
ing has provided the possibility of hundreds of thousands of people classifying galaxies
by morphology online.
The Galaxy Zoo project (Lintott et al., 2008) has utilised the efforts of ∼ 105 public
volunteers, via a website, to visually classify nearly 106 galaxies from SDSS imaging.
This has resulted in by far the largest catalogue of visually classified galaxies yet con-
structed. Each image has been independently examined by many different classifiers,
ensuring the reliability of the classifications, and the Galaxy Zoo morphologies have
been shown to be very similar to those by professional astronomers (Lintott et al., 2008;
Bamford et al., 2008).
The Galaxy Zoo data displays a redshift, size and luminosity dependent classifica-
tion bias which has been quantified and corrected for by Bamford et al. (2008). While
a similar bias probably affects all morphological classifications, only Galaxy Zoo has
sufficient statistics to allow a direct assessment and de-biasing procedure to be applied.
This correction is particularly important when considering a significant redshift range,
as in this work. To ensure the reliability of our morphological classifications, we further
limit the redshift range of our catalogue to 0.01 < z < 0.2. This redshift range provides a
substantial number of galaxies in a large volume, allowing the calculation of statistically
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robust results. This range also equates to sufficient time, ∼ 2 Gyr, for some evolution of
the galaxy population to be expected.
We utilise the unweighted, de-biased morphologies from Galaxy Zoo, which provide
an estimate of the likelihood of a given galaxy being spiral (psp) or early-type (pel). Note
that we use the term ”early-type” purely to refer to a galaxy’s visible morphology. To
definitively assign objects to the spiral or early-type samples we adopt the definition that
spirals are objects with psp > pel, and vice versa for early-types. Note that psp+ pel , 1 in
general as “merger” and “don’t know” classifications were also admitted. These criteria
are inclusive: all galaxies are assigned to either the spiral or early-type samples. Al-
though this retains some ambiguous objects, with psp ≈ pel, the distributions of psp and
pel are peaked towards low and high values, and thus the fraction of ambiguous objects
is fairly low. If anything, their effect will be to weaken any differences we find between
the two classes. We do not expect their inclusion to significantly alter our conclusions. It
should be noted that in this scheme we classify early-type galaxies as including S0 types.
2.7 Sample distribution as a function of colour and mor-
phology
We also analyse sub-catalogues selected jointly by both colour and morphology. Fig-
ures 2.7 & 2.8 show the distribution in absolute magnitude-redshift space of red and blue
galaxies respectively, broken down by morphological type. Table. 3.1 gives the number
of galaxies per colour and morphology selected subsample.
The survey’s upper and lower apparent magnitude limits are clearly visible as the
curved cut-offs moving through absolute magnitude and redshift in both diagrams.
The cut off in absolute magnitude at M0.1r = −18 is the fitting limit used for the
luminosity function fitting results presented in Chapter 3. The cut off at z = 0.2 is a
characteristic of the Galaxy Zoo catalogues from which we took our morphologies.
We see that at higher redshifts, z > 0.1, red early-types tend to be brighter than red
spirals. Whereas for blue galaxies early-types tend to be brighter everywhere except at
the highest redshifts (z ≈ 0.2).
Note the significant contribution from less numerous galaxy types, e.g. red spirals
galaxies and blue early-type galaxies. This can be more clearly seen in a redshift only
distribution as presented in Figures 2.11 & 2.12. Here the redshift distributions of red
and blue galaxies respectively are broken down by morphological type. It can be seen that
within the sample never less than 10% of red galaxies have a spiral morphology and never
less than 10% of blue galaxies have an “early-type” morphology. The fraction of galaxies
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Figure 2.7: The distribution of a 5% subsample of red galaxies in absolute magnitude–
redshift space for the Galaxy Zoo sample. The sample is broken down into red early-type
galaxies and red spiral galaxies. The dashed line denotes the absolute magnitude limit
used in the luminosity function fitting.
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Figure 2.8: The distribution of a 5% subsample of blue galaxies in absolute magnitude–
redshift space for the Galaxy Zoo sample. The sample is broken down into blue early-
type galaxies and blue spiral galaxies. The dashed line denotes the absolute magnitude
limit used in the luminosity function fitting.
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that are early-types appears to increase with redshift, independent of galaxy colour, this
could be an observational bias arising from the fact that people are more likely to classify
faint, indistinct objects as being early-type, however we have attempted to correct for
this bias (Section 2.8). Additionally, as these samples are flux limited, objects selected
at high redshift are more likely to be intrinsically bright than objects selected at low
redshift. The observations suggest that this selection bias results in preferential selection
of massive early-type galaxies at the high-redshift end of the sample.
It has been shown that some of the spiral galaxies have undergone reddening due to
being dusty and being viewed edge on, rather than from a lack of star-formation (Masters
et al., 2010b), however some are truly red independent of light extinction (Masters et al.,
2010a).
The detection of a significant number of blue “early-type” galaxies at all redshifts
within our sample suggest that these galaxies could be undergoing large amounts of star-
formation. An existing study of a blue, early-type sample constructed at low redshift
(0.02 < z < 0.05) from the Galaxy Zoo sample has been carried out by Schawinski et al.
(2009).
Figures 2.9 & 2.10 show the distribution in absolute magnitude-redshift space of
early-type and spiral galaxies respectively, broken down by colour.
We see that for early-types, the brightest galaxies tend to be red at all but the lowest
redshifts. For spiral galaxies the faintest galaxies tend to be red. Assuming that the
excess of faint, red spirals are due to the extinction effects of Masters et al. (2010b)
already mentioned that still leaves approximately equal numbers of red and blue bright
spirals (this is further supported by our luminosity function results in Section 3.6.3).
Taken with the result of Masters et al. (2010a) that the most massive galaxies tend to
be red, independent of morphology, this suggests that the brightest spiral galaxies, being
blue, may not be the most massive spiral galaxies. This supposition could form the basis
of future work.
Example images of galaxies selected by colour and morphology are given in Ap-
pendix D.
2.8 Correcting observational biases in the morphology
data
There is an observational bias towards classifying distant, faint objects as early-type
galaxies. Obviously this will distort any statistics based on morphological classification.
The process adopted by Bamford et al. (2008) in order to correct for classification
bias consists of making the assumption that the ratio of early-types to spirals at a given
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Figure 2.9: The distribution of a 5% subsample of early-type galaxies in absolute
magnitude–redshift space for the Galaxy Zoo sample. The sample is broken down into
red early-type galaxies and blue early-type. The dashed line denotes the absolute magni-
tude limit used in the luminosity function fitting.
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Figure 2.10: The distribution of a 5% subsample of spiral galaxies in absolute
magnitude–redshift space for the Galaxy Zoo sample. The sample is broken down into
red spiral galaxies and blue spiral galaxies. The dashed line denotes the absolute magni-
tude limit used in the luminosity function fitting.
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Figure 2.11: The distribution of red galaxies in redshift for the GalaxyZoo sample. The
sample is broken down into red early-type galaxies and red spiral galaxies. Note that
within the sample there are never less than ≈ 10% of red galaxies that are spiral.
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Figure 2.12: The distribution of blue galaxies in redshift for the GalaxyZoo sample. The
sample is broken down into blue early-type galaxies and blue spiral galaxies. Note that
within the sample there are never less than 10% of blue galaxies that are early-type.
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absolute luminosity and physical size does not change significantly over the redshift in-
terval considered (0.01 ≤ z ≤ 0.2). They show that there is a strong relationship between
morphological type and position in size–luminosity space.
This bias correction is certainly appropriate for the study of morphology and colour
versus environment in Bamford et al. (2008), which does not examine redshift evolution,
and we adopt the same correction. In our main analysis, presented in Chapter 3 , any red-
shift evolution is initially treated a nuisance effect to be removed, which we correct for to
produce a luminosity function corresponding to a fiducial redshift by parameterising and
fitting for number density evolution and intrinsic magnitude evolution, see Section 3.4.1
for details. We then study the redshift evolution for our various samples, through these
evolution parameters. In this case our results may potentially be influenced by the clas-
sification bias correction procedure. However, it is important to recognise that the bias
correction does not simply insist that the ratio of early-types to spirals at a given lumi-
nosity does not change with redshift, but rather assumes that the relationship between
morphological type and position in size–luminosity space remains constant over the red-
shift interval studied. This latter assumption is more likely to hold true than the former,
and still enables us to examine any evolution in the morphological type fractions that
occurs without changing the relationship between morphology and the galaxy’s position
in size–luminosity space.
For the majority of our sample the bias correction is small and, furthermore, there are
relatively few objects with intermediate morphological type likelihoods (psp ∼ pel ∼ 0.5,
see figure 1 in Skibba et al. (2008)). In this work we utilise a criterion to assign ‘discrete’
morphological classifications (spirals have psp > pel, and vice versa for early-types).
Therefore, the number of objects reclassified from early-type to spiral by the bias correc-
tion is fairly low, and we expect the impact on the luminosity functions studied in this
thesis to be minor. This is in contrast to the direct use of the morphological type likeli-
hoods, as in Bamford et al. 2008 and Skibba et al. 2008, which makes greater use of the
available information, but is more sensitive to the bias correction. While our results for
the luminosity and number-density evolution of each subpopulation are necessarily sen-
sitive to the bias correction, we believe that the correction reasonable, effectively using
structural information via the size–magnitude relation to reduce the effect of the visual
classification bias. We therefore expect all our conclusions to be reliable, although those
regarding the redshift evolution of the subpopulations would benefit from the support of
a similar analysis based on deeper imaging, such as that from SDSS Stripe 82.
Chapter 3
Luminosity Functions, Theory and
Calculations
3.1 Introducing luminosity functions
The number of galaxies per unit volume is one of the most simple and fundamental
observations it is possible to make. The luminosity function takes this one step further
by looking at number density as a function of galaxy luminosity. The calculation of
luminosity functions has a long history, for example (e.g. Pannekoek, 1923).
The luminosity function clearly displays different characteristics for different sub-
popoulations of galaxies as discussed in Section 3.2.1. These characteristics are generally
discussed in terms of the steepness of the faint and bright end slopes of the function and
the position of the turnover or knee of the function, typically defined as representing a
characteristic luminosity, M⋆, of the sample. Each characteristic tells us about the galaxy
formation process, for example a cut-off in the bright slope of the luminosity function
indicates a physical process, assuming your survey and sample selection criteria have not
introduced a systematic feature into the data, which prevents galaxies in that selection
from becoming more luminous than that limit.
From the fitting of these models to data we know that the luminosities of galaxies in
the various observational wavelength bands are expected to evolve with redshift. Without
assuming a very convenient and strange physical process there is no reason to expect the
luminosity to evolve at the same rate in all the bands, and so we expect both galaxy
luminosity and colour to evolve with redshift. For instance, over time a bright, blue
galaxy might become a faint, red galaxy.
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3.2 Previous constraints on the luminosity function
3.2.1 Luminosity function dependence on colour and morphology
There have been a number of previous studies of the luminosity function for samples
visually selected using galaxy morphology (e.g. Holmberg, 1969; Binggeli et al., 1988;
Marzke et al., 1998; Devereux et al., 2009). Because of the financial expense and labour
intensive nature of visual morphological classification, these studies are based on rela-
tively small sample sizes (∼ 104) and redshift ranges.
Here we briefly discuss some key analyses of the effect of morphology on luminosity
functions. Holmberg (1969) found that early-types, irregulars and spirals have differently
shaped luminosity funtions. Binggeli et al. (1988) stressed that due to significant vari-
ance in luminosity funtion shape, individual luminosity functions must be calculated for
the different galaxies types. Due to the small number of galaxies in their analysis and
the significantly different galaxy selections functions used it is difficult to usefully com-
pare their results with ours. Marzke et al. (1998) find that early-type and spiral galaxy
luminosity functions are both well fit by Schechter funtions, using ∼ 103 galaxies at
z < 0.05 they find the Schechter parameters depend on morphological type. Benson
et al. (2007) used software to decompose the light from 8839 galaxies into contribu-
tions from disk and spheroid components. They find that the faint end of the luminosity
function for the spheroid component falls off faster than that of the disk component,
qualitatively in agreement with our results in Section. 3.6.1. Devereux et al. (2009) find
that the luminosity function of bulge dominated galaxies, including early-type, lenticular
and bulge-dominated spirals falls off at the faint end faster than that of late-type spirals.
Again this survey contains ∼ 103 galaxies and is very shallow with galaxy recession ve-
locities Vgsr ≤ 3000 km/s, however the results are consistent with ours as presented in
Section. 3.6.1.
The dependence of the luminosity function of galaxies on colour has also been ex-
amined. For instance, the colour dependence of the r-band luminosity function was in-
vestigated by Blanton et al. (2001) for the SDSS Early Data Release. At the faint end,
Mr⋆ > −19 (in their notation), the reddest galaxies have a significantly lower number
density than the bluest galaxies, again consistent with our results in Section. 3.6.1.
Baldry et al. (2004) examine a low redshift sample (0.004 < z < 0.08) selected in u−r
colour and obtain a result consistent with Blanton et al. (2001), with the brightest galaxies
being predominantly red, the faintest being predominantly blue and the red galaxies have
a considerably steeper faint end slope, also consistent with our results in Section. 3.6.1.
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3.2.2 Luminosity function evolution with redshift
It is known that the luminosity function evolves with redshift. For instance Loveday
(2004) detect significant evolution in r-band galaxies, taken from SDSS Data Release 1,
in the redshift range 0.0 < z < 0.3. They suggest this evolution could be any combina-
tion of luminosity evolution, density evolution or changes in the shape of the luminosity
function.
It therefore becomes important when representing the luminosity function with mod-
els to include parametrisations of that evolution such as those described in Section 3.4.1.
These parameterisations are then also important for the correct determination of the red-
shift distributions necessary for the work described in Chapters 4 & 5.
Evolution in the luminosity function is also seen by Ilbert et al. (2006) and Baldry
et al. (2005), these results are compared to ours in Sections 3.6.2 and 3.6.4.
Such evolution has to be included when determining the ‘true’ luminosity function
corresponding to a particular epoch. In a magnitude-limited sample the more luminous
galaxies tend to lie at greater distances and therefore at an earlier evolutionary epoch
than the faint galaxies. A further effect is that more luminous galaxies may be observed
over a larger volume, and are therefore over represented relative to fainter objects. One
solution to both problems is to create a volume-limited sample. However, this requires
the majority of the sample to be thrown away, particularly the intrinsically brightest and
faintest objects, which are rare even in a magnitude-limited sample. In this thesis, we
instead consider the volume within which each galaxy could have been observed (Lin
et al., 1999). This allows us to include all galaxies in our following analysis, while
allowing for the evolution effects described above.
3.3 Outline of this work
Here we use the final catalogue of the SDSS-II survey, which is the largest low redshift
catalogue in existence, to continue the progression of research using a larger dataset with
more statistical power.
For the first time we examine the evolution of the luminosity function with redshift
using the parameterisation of Lin et al. (1999) (see Section 3.4.1) as a function of galaxy
colour, morphology and colour and morphology combined. We again stress that we use
the term “early-type” purely to refer to a galaxy’s morphology, at this stage making no
assumptions about its evolutionary history.
Using the sample detailed in Chapter 2 and the methodology in Section 3.5 we will
consider whether the previously observed trends discussed in Section 3.2 are seen to be
confirmed or refuted by the current generation of data.
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The non-parametric model fitting was carried out in C and C++ . We find that the
Schechter function is a good fit to the data and requires considerably less computing time
than a non-parametric approach. Additional analysis and visualisation was carried out
using Matlab.
Section 3.4 contains a discussion of the models we compared for suitability in fitting
the luminosity functions. Section 3.5 describes our techniques for measuring luminosity
functions. In Section 3.6 we present and discuss our fitting results. Example images for
galaxies in each of our samples, and at a range of redshifts, are shown in Appendix D.
3.4 Luminosity function models
For a given set of luminous, astrophysical objects, although measurement of the luminos-
ity function is useful it is limited by noise in the available data. Model functions of a fixed
form can be used to extend estimates of the luminosity function into data-poor regions by
utilising the parameter constraining power of data-rich regions, as well as to more eas-
ily compare differing trends between data sets. Of course this amounts to making very
strong prior assumptions about the distribution of your data. So called ”non-parameteric”
models make slightly less assumptions about functional form than parametric models but
still have their limitations, see Section 3.5.2 for a discussion of this.
Here we present both non-parametric (the SOG function of Blanton et al. (2003a),
Section 3.4.2) and parametric (the well known Schechter function, Section 3.4.3) func-
tional forms for the luminosity functions of galaxies. Both sets of models contain the
same parameterisation for the evolution of absolute luminosity and number density with
redshift (Section 3.4.1). Including this redshift evolution is important for the reasons
given in Section 3.2.2.
3.4.1 Redshift evolution parameters
Our galaxy subsamples contain sufficiently large numbers of galaxies out to sufficiently
large redshifts to allow us to calculate redshift evolution corrected luminosity functions.
P and Q are redshift evolution parameters following the convention of Lin et al. (1999)
in which P allows for density evolution, while Q allows for luminosity evolution.
Magnitude evolution in the luminosity function is assumed to be linear in redshift,
and evolve according to
M → Mz0 = M + Q(z − z0) , (3.1)
where M is the observed (k-corrected) absolute magnitude of an object at redshift z,
which would have an absolute magnitude of Mz0 if evolved to z0. A positive value of Q
CHAPTER 3. LUMINOSITY FUNCTIONS, THEORY AND CALCULATIONS 47
therefore indicates that members of the considered population were brighter in the past.
This is equivalent to allowing M⋆ to vary with redshift as
M⋆ → M⋆z = M⋆ − Q(z − z0) , (3.2)
where M⋆ is the representative absolute magnitude of a sample (Abell, 1965; Schechter,
1976), at redshift z0.
We observe non-linear behaviour of the M⋆ evolution as discussed in Section 3.6.2
and as such suggest that the linear Q paramaterisation may be insufficient.
Evolution in the number density is parameterised by modifying the average number
density according to
n¯ → n¯z = n¯ · 100.4P(z−z0) , (3.3)
where n¯z is the average number density of the population members at redshift z and n¯ is
their average number density at z0. A positive value of P implies that the number density
of the population was higher in the past.
A sometimes useful visualisation of the effects of the two redshift-evolution parame-
ters is that for a fixed Q the luminosity-redshift function is shifted in the M direction by
an amount dependent on the size and sign of the quantity z − z0, and similarly for a fixed
P the amplitude of the function is changed by and amount dependent on the size and sign
of the z − z0. As our luminosity functions are constructed at a fixed redshift the Q and P
parameters then describe horizontal and vertical shifts in this function.
Figures 3.1 & 3.2 illustrate the effects of changing Q and P respectively on the shape
of the Schechter function (Eqn. 3.5), whilst keeping all other parameters fixed.
3.4.2 non-parametric models
We have tried fitting non-parametric models, that is models with so many parameters that
the final shape of the function is to an extent independent of the shapes of the contributing
terms, based on the work of Blanton et al. (2003a), see Eqn. 3.4.
Φ(M, z) = n¯ 100.4(z−z0)P
∑
k
Φk exp
[
− 1
2
(M − Mk + (z − z0) Q)2
σ2M
]
. (3.4)
Such models have the advantage of being able to fit a large variety of smoothly chang-
ing shapes, part of the motivation for this work was put forward:
“We stress that this non-parametric method of fitting the luminosity function is
necessary because a Schechter function is not a perfect fit to the luminosity function.” -
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Figure 3.1: An illustration of the effect of the Q redshift evolution parameter on a
Schechter luminosity function model at a redshift of z = 0. This can be interpreted
as change to the M⋆ parameter.
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Figure 3.2: An illustration of the effect of the P redshift evolution parameter on a
Schechter luminosity function model at a redshift of z = 0. This can be interpreted
as a change in the normalisation of the model.
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Blanton et al. (2003a).
We also find some disadvantages to this approach, for further details see Section. 3.5.2.
3.4.3 parametric models
The Schechter function proposed by Schechter (1976) has often been found to be a good
fit to galaxy luminosity functions and as will be seen it provides a good representation of
our samples.
When modified to include redshift evolution the Schechter function can be written as:
Φ(M, z) dM dV=n¯·0.4 ln 10·100.4P(z−z0) 100.4[M⋆−M−Q(z−z0)](1+α) exp
{
−100.4[M⋆−M−Q(z−z0)]
}
dM dV.
(3.5)
We adopt z0 = 0.1, this is the median redshift of our full sample and is consistent with
our choice of k-corrections for the galaxies.
With the adoption of redshift dependencies the model become a redshift-luminosity
function. For simplicity we shall continue to refer to the model as a redshift-evolution
corrected luminosity function.
3.5 Measuring luminosity functions
In this section our techniques for the measurement of the truly non-parametric 1/Vmax
estimator for the luminosity function, and the fitting of both so called non-parametric
and parametric functional models for the luminosity function are presented.
3.5.1 1/Vmax estimate
The 1/Vmax statistic provides a non-parametric estimate of the luminosity function of a
set of astronomical objects. It was first proposed by Schmidt (1968) and later generalised
by Felten (1976). The effective form we use is given given in Eqn. 3.6,
ˆΦbin =
∑
i
ˆΦi, bin =
∑
[V(zmax) − V(zmin)]−1i , (3.6)
where the luminosity function estimator in each absolute magnitude bin is the sum of
the contributions of each galaxy i that fall within that bin. The inverse of the comoving
volume a galaxy could have been observed in given the survey geometry and limits is
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given by integrating the comoving volume element (Hogg, 1999) (here shown for a solid
angle of 4 π steradians)
dVcomov
dz =
4 π (c/H0) (1 + z)2 D2Ang(z)√
Ω(1 + z)3 + (Ω − Λ)(1 + z2) + Λ
, (3.7)
between the redshift limits the galaxy could have been observed in given its observed
absolute magnitude, i.e.
Mobs − mlimit = −5 log10(DL(zlimit)) − 25 − ¯k(zlimit), (3.8)
In effect this is done by creating a lookup table of bright and faint absolute magnitude
limits at given redshifts using Eqn. 2.2.
D2Ang(z ′) is the angular diameter distance from z = 0 to z = z ′ as defined in Eqn. 1.13.
Contributions from individual galaxies are binned in absolute magnitude after apply-
ing the Q evolution parameter derived for the appropriate sample. Weighting the spher-
ical comoving volume contribution of each galaxy by fractional sky-area of the survey
gives the correct normalisation for the volume, this is then weighted by the P evolution
parameter derived for the appropriate sample.
3.5.2 fitting non-parametric models
The non-paramtetric luminosity functions were fit using the Powell function minimising
algorithm and the maximum likelihood statistic applied to the non-parametric sum-of-
Gaussians form:
Φ(M|z) ∝ 100.4(z−z 0)P
∑
k
Φk exp
[
− 1
2
(M − Mk + (z − z 0)Q)2
σ2M
]
, (3.9)
where P and Q are redshift evolution parameters following the convention of Lin et al
(Lin et al., 1999).
Figure 3.3 shows an example of the results when fitting equation 3.9:
Note that in Fig. 3.3 there is an issue with edge effects in the fitting of the Gaussians.
Near the edges of the fit the density of Gaussians as a function of magnitude falls off, this
leads to the “sum of Gaussians” line representing the initial guess at the LF decreasing
rapidly at the edges, especially visible on the faint edge. It is possible that this then
affects the fit as the Gaussians at the (faint) edge increase disproportionately to counter
this effect and/or as the tails of the other Gaussians attempt to compensate. In an effort to
counter this effect the fit has been extended to fainter magnitudes than are to be used in
the final analysis, that is pushing the regions of the LF most affected by the edge effects
CHAPTER 3. LUMINOSITY FUNCTIONS, THEORY AND CALCULATIONS 52
−24 −22 −20 −18 −16
−14
−12
−10
−8
−6
−4
−2
0
2
M0.1 r − 5log10h
lo
g 1
0 
Φ
(M
0.
1 
r)
Figure 3.3: Example SOG fit, large 1/Vmax galaxies causing upturn in faint tail.
past the point where the final cuts in absolute magnitude are made . The points are a
1/Vmax data estimate of the luminosity function and act as an initial starting point for
the fitting algorithm by defining an initial sum-of-Gaussians function, the dashed line.
Later recursive fits then use previous maximum likelihood results as a starting point. The
displacement between the final and initial functions occurs after renormalisation and is
entirely due to the large amplitude of the final Gaussian at the faint end, the introduction
of faint magnitude cuts in the fitting range resolves this issue. The curves shown under
the function represent the individual Gaussians comprising the final function.
Note that in their fitting Blanton et al. (2003a) convolved his SOG luminosity with
a Gaussian of fixed width ∆m . This ∆m represents the estimated difference between
the SDSS magnitudes and the true AB magnitudes, the value is fixed for a given band
(u,g,r,i,z), since the convolution broadens all the Gaussians by a fixed amount and our σM
is fixed, not fitted, this does not seem applicable in this case.
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Figure 3.4: A proof of good fit for the SOG fits. The initial starting points for the fits,
shown by the lines, were randomised. The points represent 1/VMAX estimates of the
luminosity function. The divergence of the two measurement techniques at the data-poor
faint end of the slope is responsible for the apparent discrepancy in results.
tests of non-parametric function fitting
To verify the robustness of our fitting routine the algorithm was given a large number of
random initial values for the parameters to be fitted. Convergence on the best fit solution
was found to be good, an example illustration of this is given in Fig. 3.4 where each
colour line corresponds to a different set of initial random starting points, the scatter
at the faint end is due to the lack of data in this region. The reason for the apparent
discrepancy between the data points and the models is one of normalisation and the limits
of the ”non-parametric” model: if the amplitude of the faint en Gaussians were boosted
to match the shape of the data this would would also introduce an incorrect boost to
nearby fainter magnitudes, as the fainter magnitudes contain more galaxies this boost is
rejected in favour of failing to fit the data-poor extreme faint tail - the normalisation of
the models and data match, so the large faint end discrepancy (on the logarithmic vertical
axis) causes the models and data to appear discordant around M⋆, however the shape of
the models is actually a reasonable fit to the data.
It is clear that this model is not truly “non-paramtetric” but rather has a large number
of parameters capable of fitting a large range of shapes in the data distribution. However,
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there are limits to this model. The steepness of the bright end slope which can be repre-
sented by the model is dictated by the width of the individual Gaussians. There is also a
need to have significant overlap between Gaussians in order to obtain a smooth resultant
function. These two facts together mean the a large number of Gaussians can be neces-
sary to provide an accurate, smooth fit to the data, of the order ∼ 50 − 200. This large
number of highly degenerate parameters is computationally intensive to fit. We find that
over the range of luminosities in which we are interested the Schechter function provides
an equally good fit for an order of magnitude fewer parameters. Because of this we now
exclusively consider fits to the Schechter function.
3.5.3 fitting parametric models
As discussed in Section 3.4.3 we apply redshift evolution corrections to the parametric
Schechter function form, as shown in Eqn. 3.5, and fit this luminosity function model to
our galaxy samples.
The luminosity function parameters were determined using a maximum likelihood
method (Lin et al., 1999), which measures the likelihood contribution from each galaxy,
implemented with the minimisation routine Powell (Press et al., 1992).
For each fit, the optimum values of M⋆, α and Q are determined simultaneously. P
is then fit separately is it affects the normalisation and would drop out of the likelihood
calculation used to fit the first three parameters. Finally, the normalisation, n¯, is calculated
as it cannot be determined by the maximum likelihood method and thus we calculate it
directly from the data once all the other parameters have been optimised. We do this by
matching the redshift distribution to the model of the redshift distribution obtained by
integrating our luminosity function
f (z) dz =
∫ Min (M f aint(z),M2)
Max (Mbright(z),M1)
Φ(M′, z) dM′ dVdz dz, (3.10)
where M1 and M2 denote the bright and faint absolute magnitude limits of the sample,
respectively. We use the equivalent definition for M f aint(z). These limits are given by
Eqn. 2.2 and an example is shown in Fig. 3.5.
Convergence to the Likelihood maximum was confirmed by starting the minimisation
routine at a number of widely separated initial parameter sets, and observing that the same
best-fit parameters were obtained.
The results for each galaxy samples can be seen in Figs. 3.9 & 3.11 & 3.12. The
maximum likelihood parameters and their goodness of fit represented by the reduced χ2
statistic are given in Table 3.1.
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Examining Fig. 3.5 shows that the higher redshift (z > 0.1) regions of the galaxy
sample contains only objects which exceed the typical M⋆ ≈ −20 in brightness. The
fact that the higher redshift galaxies are not representative of M⋆ galaxies will not affect
the fitting of the Schechter function parameters as the best fit values found with respect
to every galaxy in the sample, i.e. the best fit is the best fit for the sample at combined
high, median and low redshifts simultaneously. The 1/Vmax statistic is more sensitive
to this change in the sampled galaxy population with redshift, however for comparison
in the Figs. 3.9 & 3.11 & 3.12 the values of the 1/Vmax estimators are corrected for the
best fit Schechter function redshift evolution parameters found for the relevant sample.
In the limit of the accuracy of the redshift evolution parameters any further discrepancy
between the 1/Vmax statistic and the Schechter functions suggest that the appropriateness
of the Schechter function as a description of the luminosity distribution is reaching its
limit over this range of luminosities and redshifts (see also Sec. 3.6).
To estimate the covariances between the parameters we used a jackknife resampling
method (e.g. Efron & Stein, 1981). We divide the sample sky area into 30 equal area
pieces and refit the parameters, sequentially excluding 1 of the 30 sky pieces in each fit.
For each sub-sample the best-fitting parameter values are marginalised over the full range
of all other fit parameters (as with the main fits), the scatter in the resulting values for
each parameter is therefore assumed to be representative of the variance in that parameter
inherent in the dataset. Covariance matrices were calculated using the 30 values for each
parameters, with the quoted uncertainties in our parameter estimates being square root of
the appropriate diagonal element of this matrix. Details of the calculation and results are
given in Appendix B.
For the work presented in Chapters 4 & 5 we used the luminosity functions to esti-
mate redshift distributions for the selected catalogues, so the recovered parameters are
not important, provided the fits are an adequate match to the data: for instance, there is
some apparent discrepancy between the 1/Vmax data estimates and the best fit Schechter
function for the red galaxies near an absolute magnitude of M0.1r ≈ −19.3; as the lu-
minosity function is slowly changing in this region and the normalisation is determined
independently of the fit this will have no significant effect on the shape of any derived
redshift distributions, which would here be dominated by the effect of the apparent mag-
nitude limits of the survey.
Tests of Schechter function fitting and model validity
In order to assess the validity of our Schechter function modelling, we have also calcu-
lated the luminosity function empirically, in bins of absolute luminosity, using the 1/Vmax
number density estimate of Schmidt (1975). Given a galaxy’s absolute magnitude and the
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Figure 3.5: An example of the integration limits used in the calculation of the luminosity
functions. The solid green and red lines shows the faint and bright apparent magnitude
limits of the survey in absolute magnitude respectively. The dashed green and red lines
show absolute magnitude limits imposed on the sample by cuts in the data. The curves
described by the empty circles show the upper and lower integration limits used in the
calculation of the luminosity functions.
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survey’s bright and faint apparent magnitude limits we calculate the range of redshifts at
which that galaxy could have been found in the survey. In order to enable a direct com-
parison with the corresponding Schechter function fits we have applied the appropriate
evolution corrections (P and Q).
We also derived the f (z) from the binned, weighted number counts (M-element) and
compared it to the binned redshift distribution of the galaxies in order to have an inde-
pendent measure of smooth redshift to compare our luminosity function derived redshifts
too, the result is shown in Figure 4.5. The effect of systematically varying the evolution
parameters Q and P was investigated for both luminosity functions (Figs. 3.1 & 3.2) and
the derived redshift distributions (Figs. 4.2 & 4.3). A number of the parameter fits were
carried out with randomised initial values for the parameters, the results of these fits were
shown to converge on the same best-fit solutions .
Figure 3.6 shows how the up turn in the 1/Vmax estimate at faint magnitudes is not
well fit by the Schechter function. The fit is dominated by the large number of galaxies
around M⋆ and is in fact a good fit to the shape in that region. The apparent discrepancy
is a result of matching the normalisation of the model and data over all magnitudes. Fig-
ure 3.7 shows the result of fitting and normalising the Schechter function over a smaller
magnitude range which excludes the data-poor and noisy turn up region. This suggests
that we are reaching the limit of the ability of the Schechter function to represent the
distribution of the data.
part of the problem here is also the low numbers of extremely faint galaxies leading
to scatter in the distribution and that these galaxies can only be seen at very low redshifts
which incorrectly implies a high number density. This is countered by making a cuts in
the data both at low redshift, z < 0.01, in order to eliminate non-cosmological redshifts
(Sheth, 2007) and in absolute magnitude at 0.1Mr > −15.5 to remove the noisy data, this
is still well beyond the final absolute magnitude cut used for the subsequent analyses,
figure 3.7 shows the results of these changes. A local overdensity would also lead to us
measuring an luminosity function estimate which is biased high in relation to any ‘true’
universal distribution.
Average k-corrections, binned in redshift were found and used to calculate survey
limits at given redshifts, see Figure 3.8.
3.6 results of Schechter function fitting
The results of fitting redshift-evolution corrected Schechter function models of luminos-
ity functions to each of our colour and morphology selected subcatalogues are given in
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Figure 3.6: A Schechter function fit. Note how the 1/Vmax approximation overestimates
the luminosity function at both extremes of the distribution, this is a known phenomena
(see e.g. Sheth, 2007)
table 3.1 along with the numbers of galaxies in each subcatalogue.
Our data allows the luminosity functions to be reliably estimated down to < −16 mag,
however a simple Schechter function is apparently unable to represent the true luminosity
function of at least some of our subsamples at magnitudes below ∼ −18, for instance see
Figure 3.6. For an explanation of the apparent discrepancy between the model and data
in this fit please see Section. 3.5.3.
Alternative formalisms exist, e.g. Loveday (1998); Baldry et al. (2004), which may
allow the analysis to be extended to fainter magnitudes. However, we leave this for future
study, and concentrate on the bright end of the luminosity function in the present work.
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Figure 3.7: A Schechter fit made with a redshift cut at z < 0.01 and an absolute magnitude
cut at 0.1Mr > −15.5 is shown by the solid red line. The green points are the 1/Vmax
luminosity function estimate for this data.
Because of the limits of the chosen functional form we constrain our Schechter func-
tion fits to consider only objects with observed M0.1r − 5 log h < −18. The resulting
functions correspond well to the 1/Vmax, evolution-corrected histogram over the fitted
magnitude range (with reasonable reduced χ2 values, see Table 3.1), for instance see
Figure 3.7. Note that adjacent data points are independent.
see Appendix B for parametric luminosity function model parameter covariance re-
sults.
3.6.1 Luminosity function shape for colour and morphology selected
samples
In Fig. 3.9 we show the luminosity functions derived for our full galaxy catalogue, and
that catalogue split by both visual morphology (spiral and early-type) and by colour (red
and blue). Colour and morphology are often considered to be, at least roughly, equivalent
ways of dividing the galaxy population. However, although there is approximate corre-
spondence, there are highly significant differences between the luminosity functions of
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Table 3.1: Results of the evolution-corrected Schechter function fits to the r-band luminosity function for each of our galaxy samples. M⋆, α
and n¯ are the usual Schechter function parameters, while P and Q are the number density and luminosity evolution parameters. χ2r is the reduced
chi-squared statistic, which provides an estimate of the goodness of the Schechter function fit to the data. A positive value of Q indicates that
members of that sample were brighter in the past. A positive value of P indicates that members of that sample were more numerous in the past
at a given evolved luminosity (as described by Q). Positive and negative values are coloured orange and green, respectively, for easier viewing.
sample M⋆ α Q P n¯ χ2r ngal
all −20.342± 0.007 −0.911± 0.006 +2.6± 0.1 −1.7± 0.2 0.016±0.00010 1.06 354659
red −20.240± 0.006 −0.403± 0.008 +3.3± 0.09 −3.0± 0.3 0.008±0.00004 1.12 187367
blue −20.137± 0.007 −1.115± 0.008 +1.9± 0.1 −0.2± 0.3 0.009±0.00008 0.92 167291
early-type −20.499± 0.009 −0.668± 0.009 +3.0± 0.2 −2.0± 0.3 0.005±0.00003 1.18 150029
spiral −20.020± 0.006 −0.890± 0.010 −0.1± 0.1 +3.2± 0.4 0.014±0.00007 0.90 204629
red early-type −20.349± 0.010 −0.308± 0.012 +3.6± 0.1 −3.5± 0.3 0.005±0.00003 1.19 125404
blue early-type −20.293± 0.035 −1.356± 0.036 +5.9± 0.4 −2.0± 0.9 0.001±0.00004 0.86 24624
red spiral −19.717± 0.011 −0.193± 0.023 −1.0± 0.3 +6.0± 0.7 0.005±0.00004 0.80 61962
blue spiral −20.105± 0.007 −1.077± 0.009 +0.8± 0.1 +1.0± 0.3 0.009±0.00007 0.93 142666
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Figure 3.8: Average k-correction for all binned in redshift. An interpolation of this dis-
tribution was used in the calculation of integration limits described by Eqn. 2.2.
blue galaxies and spirals, and particularly between red galaxies and early-types. To better
show the differences, which are relatively small compared to the range of galaxy num-
ber densities we probe, we can divide the luminosity function of each subsample by that
of the total sample. Fig. 3.9 shows that the fraction of the total population attributable
to each subsample as a function of luminosity, shown in the upper panel. Note that the
fraction may exceed unity, as the models are fit independently and thus the densities of
the subsamples are not constrained to sum to the density of the parent sample. Shaded
regions show the 68% confidence limits of the fitted models.
There are two regions of the luminosity function where the traditional correspon-
dence between morphology and colour appears most discrepant: around the knee of the
luminosity function (M0.1r−5 log h ∼ −20.5), and at the faint end (M0.1r−5 log h > −18.5).
The luminosity functions of blue galaxies and spirals are rather similar. The main
difference is an excess of spirals compared with blue galaxies for M0.1r − 5 log h < −19,
which is particularly significant around the knee. This suggests the existence of a pop-
ulation of spirals with red colours, which become prevalent at the turnover of the spiral
sample luminosity function and continue to dominate to brighter magnitudes. The faint
end of the blue and spiral luminosity functions appear very similar.
The luminosity functions of red galaxies and early-types show more pronounced dif-
ferences. At the knee of the luminosity function there are significantly more red galaxies
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Figure 3.9: The lower panel shows the luminosity functions for our samples of all (black
circles and solid line), red (orange squares and dotted line), blue (cyan triangles and
dotted line), early-type (purple crosses and dashed line) and spiral (blue stars and dashed
line) galaxies. The lines represent the best-fitting, redshift-evolution corrected z = 0.1
Schechter functions (Eq 3.5, see text for details) corresponding to each sample (only
considering M0.1r − 5 log h < −18). The points indicate the 1/Vmax evolution-corrected
estimates of the true luminosity function, corrected for redshift evolution (to z = 0.1)
using the best-fitting parameters from the relevant Schechter function fits. The points
are plotted at the mean magnitude of each bin. The upper panel gives the luminosity
functions for each subsample ratioed with luminosity function for the full sample, i.e. the
fraction of the total population attributable to each subsample as a function of luminosity.
In both panels, error bars are only shown where they exceed the size of the points.
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than early types, again indicating a population of red spirals at these luminosities. To-
wards fainter magnitudes the luminosity functions cross and there are more early-types
than red galaxies. This occurs at the same point at which the non-parametric luminosity
functions begin to diverge from the Schechter function fits. A simple Schechter function
is incapable of representing this feature of the luminosity function of both red and early-
type galaxies, extensions to the Schechter function model have been suggested (Loveday,
1998; Baldry et al., 2004). Although both samples demonstrate this divergence from a
Schechter function, they do so in opposite directions.
Bell et al. (2003) examine the morphological type dependence of the galaxy luminos-
ity function and find that early-types have a steeper faint end slope than late types and
that the characteristic luminosity of early-types is brighter than that of late-types, both of
these observations are in agreement with our results.
3.6.2 Luminosity function evolution for colour and morphology se-
lected samples
Blanton et al. (2003a) determine the r-band luminosity function for a sample of 147,986
galaxies over 2000sq.deg. Using the same cosmological parameters as this work (ΩM =
0.3, ΩΛ, h = 1) they determine Q = 1.62 ± 0.30 and P = 0.18 ± 0.57. These values are
comparable with our results for our complete catalogue as given in Table 3.1. Differences
in the determined values could potentially arise due to our much larger number of galaxies
and greater spectroscopic survey area, as well as our smaller redshift range as imposed
by the Galaxy Zoo selection limits. Their non-parametric model fit also allows for a non-
Schechter function shape in the luminosity function, this and the degeneracy between
their Q and P and the 50-100 Gaussians used in their fits makes a direct comparison of
their result with ours potentially misleading. As a check of the validity of our result we
refit the luminosity function for the full catalogue split into bins of redshift. The resulting
set of M⋆ as a function of redshift was then compared to the predicted redshift evolution
of M⋆ given Equation 3.2. The agreement, shown in Figure. 3.10 was excellent, however
it did highlight the limitations of the simple, linear model in Equation 3.1 to correctly
model the more complex behaviour of galaxy magnitude evolution.
A study of redshift evolution of the luminosity function for a sample of 43 223 galax-
ies in the redshift range 0.005 < z < 0.3 was performed by Baldry et al. (2005). They
observed magnitude evolution consistent with a brightening of −0.8 ± 0.1 magnitudes as
redshift increases across their range, this is consistent with our measure of luminosity
evolution for our complete catalogue, which gives a brightening of −0.77 ± 0.02 across
the same redshift range.
CHAPTER 3. LUMINOSITY FUNCTIONS, THEORY AND CALCULATIONS 64
0 0.05 0.1 0.15 0.2 0.25
−21
−20.9
−20.8
−20.7
−20.6
−20.5
−20.4
−20.3
−20.2
−20.1
−20
redshift
M
0.
1 
r −
 
5 
lo
g 1
0h
 
 
M*
all, z
M*
all − Qall* (z−z0)
Figure 3.10: An illustration of the redshift evolution of the M⋆ parameter from Equa-
tion 3.5. The circles show the best-fit values for M⋆ from a non-evolving Schechter
function fit to a number of redshift slices of the main sample. The solid line shows the
M⋆ evolution model given by the best fit Q parameter for the entire sample. Note the
limited ability of the linear evolution description, Q (z − z0), to describe the data.
Fig. 3.10 shows how the M⋆(z) parameterisation of Eqn.. 3.2 compares with estimates
of M⋆ derived from non-evolving Schechter functions fit in redshift bins. This result
suggests the first order paramtersation of Eqn.. 3.2 may be insufficient to describe the
data and that higher order expansions may be appropriate in future work.
3.6.3 Luminosity function shape for joint colour and morphology se-
lected samples
Figure 3.11 shows the luminosity functions for early-types broken down into samples
with red and blue colours while Figure 3.12 shows the same thing for the spiral galaxy
sample. The luminosity functions for each sample were determined separately using the
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same method as for the larger samples (see Section. 3.5.3) including separate normalisa-
tions, this means that the value of the luminosity function at a given absolute magnitude
for red spiral and blue spirals will not sum to the value for all spirals for example.
From Figure 3.11 it is clear that bright early-type galaxies tend to be red while faint
early-type galaxies tend to be blue. Figure 3.12 shows that spirals are more likely to be
blue at all magnitudes but near M⋆ the fractions of blue and red spirals are almost equal.
Loveday et al. (1999) find, “The bJ luminosity function of star-forming galaxies has
a significantly steeper faint-end slope than that for quiescent galaxies: the majority of
sub-L* galaxies are currently undergoing significant star formation”. If we examine the
luminosity functions for early-type galaxies in Figure 3.11, the colour of which is most
likely determined by star-formation we see that our results for blue and red galaxies
support this statement. The same can also be said for the blue and red spirals galaxies in
Figure 3.12 but here it is less clear what reddening effect dust is having on our sample.
Masters et al. (2010a) find that massive galaxies are likely to be red, independent
of morphology. If we assume that the brightest galaxies tend to be the most massive
galaxies then for our early-type sample this trend is clearly followed. However for our
spiral sample the brightest galaxies have an apparently slightly larger proportion of blue
galaxies, suggesting that the brightest blue spirals may not be the most massive spirals.
This supposition could form the basis of future work.
In Figure 3.11 we see that the bright early-type galaxies dominated by red galaxies
and that faint early types (Mr > −18.7) are dominated by blue galaxies. This is in
agreement with the result for bulge-dominated types given in Ilbert et al. (2006). They
do find an increase of bulge-dominated galaxies in the past, whereas we see a decrease
(Table 3.1). However, in the text of their conclusions they seem to state an equivalency
between increased brightness in the past with increase in number density in the past, this
is the opposite of what we find (our Q is anticorrelated with P), and they do see a strong
increase in the brightness of blue, bulge-dominated galaxies in the past, consistent with
our own blue early-type Q = +5.9.
Ilbert et al. (2006) see little evolution in their disk-dominated types, and we have a
spiral Q = −0.1±0.2, consistent with no magnitude evolution, however we do see number
density evolution with P = +3.3±0.4 which corresponds to a factor of ∼ 3 increase from
redshifts z = 0.0 to z = 0.3, approximately the same degree of change given in Loveday
(2004). Spirals do dominate the main galaxy population out to z ≈ 0.15, after which they
fall off in number but this may be due to the radial completeness of blue galaxies falling
off faster than reds in a red selected survey.
The review Loveday (1998) finds evidence in the literature for an excess number of
dwarf galaxies, not well fit by a single Schechter function. This population tends to be
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Figure 3.11: The lower panel shows the luminosity functions for our sample of early-
type galaxies (black circles and solid line), and our early-type sample divided into red
(orange squares and dotted line) and blue (cyan triangles and dashed line) galaxies. The
lines represent the best-fitting, redshift-evolution corrected Schechter functions (Eqn. 3.5,
see text for details) corresponding to each sample (only considering M0.1r − 5 log h <
−18). The points indicate the 1/Vmax evolution-corrected estimates of the true luminosity
function, corrected for redshift evolution (to z = 0.1) using the best-fitting parameters
from the relevant Schechter function fits. The points are plotted at the mean magnitude
of each bin. The upper panel gives the luminosity functions for the red and blue early-
type subsamples ratioed with luminosity function for the full early-type sample, i.e. the
fraction of the early-type population attributable to each colour subsample as a function
of luminosity. In both panels, error bars are only shown where they exceed the size of the
points.
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Figure 3.12: This plot shows the same as Fig. 3.11, but now for spirals rather than
early-types.
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blue, of late-type and low surface brightness. This agrees with our own result at higher
redshift.
For spiral galaxies we find a similar shape at bright end for both the red and blue
samples. This suggests that whatever physical process makes those samples red or blue
is independent of luminosity, however this is not true at faint end. For early-types galax-
ies whatever processes make them red or blue is clearly dependent on luminosity at both
the bright and faint end.
3.6.4 Luminosity function evolution for joint colour and morphology
selected samples
Ilbert et al. (2006) have studied the luminosity functions of ∼ 103 galaxies, divided into
bulge- and disk-dominated morphologies using asymmetry and concentration parame-
ters, over a wide range of redshift (0.05 < z < 1.2). The samples are further divided
into (B − I)AB colour. At median redshifts (0.4 < z < 0.8) they find that the luminos-
ity function of disk-dominated galaxies have a significantly steeper faint end slope than
that of bulge-dominated galaxies. They also find that red, bulge-dominated galaxies are
increasing in number density by a factor of 2.7 between z∼ 1 and z ∼ 0.6, this can be
compared to our result where we find that the number density of early-type galaxies is
increasing as we move toward the present day and the number density of red, early-type
galaxies is increasing at a greater rate again. They see very little luminosity evolution
of disk-dominated galaxies, which is consistent with our result for spiral galaxies. They
observe a strong brightening of blue, bulge-dominated galaxies, which they do not be-
lieve to include spiral galaxies, in the past, this is consistent with our findings for blue,
early-type galaxies. However, for the same population they also find an increase in num-
ber density in the past (between 0.4 < z < 0.8 and 0.8 < z < 1.2) and, at least within
out redshift range (0.03 < z ≤ 0.2) we find a decrease in number density in the past, this
could be due to the differences in our morphological types and classification methods, or
it could be due to complex number density evolution in blue, early-type galaxies.
In the previous section we discussed the luminosity functions of the various galaxy
subpopulations at z = 0.1, assuming that P and Q broadly account for any evolution in the
number density and luminosity of the population under consideration. We now consider
the physical interpretation of the evolution observed.
The uncertainties on P and Q given in Table 3.1 are marginalised over all other fit
parameters, and thus truly illustrate our confidence in these quantities. One element of
concern regarding the validity of these parameters is our assumption of a Schechter form
for all the luminosity functions. However, although not perfect, this function appears to
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be a sufficiently good representation of the data that the evolution parameters we derive
using it should be robust.
A final issue is that we determine the evolution parameters independently for each fit,
assuming single values of P and Q are representative of the whole population we are fit-
ting. Thus, when fitting the red and blue galaxy luminosity functions we determine P and
Q values for red and blue galaxies separately, and yet when fitting the the total luminosity
function we assume single values of P and Q, independent of those determined for the
red and blue samples. Likewise, although the same galaxies appear in the samples split
by morphology, when fitting these samples we apply no constraints from the evolution
parameters determined for the colour subsamples, nor vice versa. As a final sanity test
of the evolution parameters, we check that the number density evolution inferred for our
various subsamples sums to approximately match that inferred when the fit is performed
on the samples combined. Figures 3.13, 3.14 & 3.15 illustrates that this is indeed the
case.
These figures show that Spirals evolve strongly with redshift whereas early-types do
not. The same trend can be be seen for red and blue galaxies. For the early-type galaxies
there is a strong evolution with redshift. Red ellipticals number density remains near
constant, while blue early-types domonate at higher redshift. For red spirals there is a
steeper evolution with redshift than for blue spirals.
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Figure 3.13: Number density at M⋆
all = −20.34 versus redshift according to our redshift-
dependent luminosity function fits to the morphology subsamples and their breakdown by
colour considered in this chapter. Each panel shows the result of fitting to a whole sample
(solid, black line), along with the behaviour measured for the two subsamples from which
it is composed (coloured, dotted and dashed lines). The sum of the behaviours of the
subsamples (dot-dashed, black line) is shown for comparison with that inferred from the
fit to the samples combined.
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Figure 3.14: Number density at M⋆
all = −20.34 versus redshift according to our redshift-
dependent luminosity function fits to the morphology subsamples and their breakdown by
colour considered in this article. Each panel shows the result of fitting to a whole sample
(solid, black line), along with the behaviour measured for the two subsamples from which
it is composed (coloured, dotted and dashed lines). The sum of the behaviours of the
subsamples (dot-dashed, black line) is shown for comparison with that inferred from the
fit to the samples combined.
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Figure 3.15: Number density at M⋆
all = −20.34 versus redshift according to our redshift-
dependent luminosity function fits to the colour subsamples and their breakdown by mor-
phology considered in this article. Each panel shows the result of fitting to a whole sam-
ple (solid, black line), along with the behaviour measured for the two subsamples from
which it is composed (coloured, dotted and dashed lines). The sum of the behaviours of
the subsamples (dot-dashed, black line) is shown for comparison with that inferred from
the fit to the samples combined.
Chapter 4
Measuring Bias From Power Spectra
As outlined in the introduction (Chapter 1) it is imperative to understand galaxy bias as
a function of galaxy properties. Before we do this we have to understand the distribution
of galaxies in the catalogues, as described in Chapter 2, which we are analysing.
We held off from describing in Chapter 2 the construction of redshift distributions in
each subcatalogue as the construction required the luminosity functions to be measured.
Now that the redshift evolution corrected luminosity functions have been described and
measured in Chapter 3, we describe the methods used to construct redshift distributions
for each subcatalogue from them. The expected number density distributions derived
from these redshift distributions, along with the angular completeness mask, gives us the
random catalogues required for the measurement of overdensities in the matter field and
hence the measurement of power spectra.
Here we describe these measurements, the generation of mock catalogues, and the
generation of linear theory model spectra. The resulting measurements of relative and
absolute galaxy bias are presented in the next chapter (Chapter 5) where where we sub-
sequently fit them with a range of bias models.
4.1 Redshift and Radial Density Distribution Derivations
Smooth redshift distributions are calculated from the luminosity function fits via Eqn 4.1
for each colour and absolute magnitude bin given in table 2.1.
This is achieved by integrating a redshift-dependent luminosity function to give a
redshift distribution, using the following scheme,
f (z) dz ∝
∫ Mupper
Mlower
Φ(M′, z)dM′dVdz dz, (4.1)
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Table 4.1: Results of the evolution-corrected Schechter function fits to the r-band lumi-
nosity function for the red and blue galaxy samples defined in Table 2.1. M⋆, α, P and Q
are the Schechter function parameters in Eqn. 3.5.
sample M⋆ α Q P
red −20.16 −0.321 1.472 −0.650
blue −20.05 −0.997 2.045 −1.065
where Mlower is the minimum of the lower survey absolute magnitude limit at a given
redshift - defined by Eqn. 2.2, and the lower bin magnitude limit, and Mupper is simi-
larly defined from the upper boundaries of the sample and bin. For a further discussion
of survey limits please see section 2.1.4. The assumption is that any radial large-scale
structure has been smoothed out in the luminosity function and that a redshift distribu-
tion derived from such a luminosity function would therefore not contain minimal large
scale-structure signal.
Shown in Figure 4.1 are the luminosity function fits used to derive the results in
Chapter 5, the best fit Schechter function parameters are given in Table 4.1. As the
catalogues used in the bias work were not limited by the need to visually classify galaxy
morphologies, unlike those of Chapter 3, the luminosity functions were fit with data out
to a redshift of z = 0.3, as explained in Section 2.6 the Galaxy Zoo catalogues extend
out to redshift z = 0.2. This resulted in different best-fit redshift evolution parameters,
however the results are consistent within the covariances of the parameters.
The luminosity function redshift-evolution parameters P and Q naturally affect the
derived redshift distributions. Figs. 4.2 & 4.3 illustrate the effects of these parameters in
isolation.
As can be seen both luminosity function redshift-evolution parameters can signifi-
cantly skew the resulting model redshift distributions.
An example of the data and best-fit model redshift distributions for one of the subsam-
ples – the red galaxies in absolute magnitude bin 3 – calculated from a redshift-evolution
corrected Schechter luminosity function, is shown in Fig. 4.4. Good agreement is seen
in this plot, and between model and data redshift distribution for all of our subsamples,
validating our procedure.
The final redshift distributions, which take into account redshift evolution of structure,
are shown in section 4.2 in Figs. 4.6 & 4.7.
Equation 4.3 is then used to transform from expected redshift distribution to expected
radial distribution of number density, the normalisation is set (after application of the
angular selection function) to match the number of galaxies in the relevant subcatalogue.
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Figure 4.1: The best fit redshift-evolution corrected Schechter functions presented in
Eqn. 3.5, representing the luminosity functions of the red galaxies, shown as the solid
red line, and blue galaxies, shown as the dashed blue line, both at a redshift of z = 0.1.
The red, vertical crosses and blue, diagonal crosses represent the 1/Vmax data estimates
of the true luminosity function for red and blue galaxies respectively, redshift evolution
corrected using the respective best fit parameters for Eqn. 3.5 to a redshift of z = 0.1.
Note that this result is not limited to the Galaxy Zoo data set and so goes out to a redshift
of z=0.3.
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Figure 4.2: An illustration of the effect of the luminosity function redshift evolution pa-
rameter Q on the derived redshift distribution. The black histogram shows the normalised
distribution of the data in redshift, the red curve shows a model with Q = −3, the black
curve shows the same model with Q = 0 and the blue curve shows the same model with
Q = +3 .
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Figure 4.3: An illustration of the effect of the luminosity function redshift evolution pa-
rameter P on the derived redshift distribution. The black histogram shows the normalised
distribution of the data in redshift. The coloured curves shows the P parameter ranging
from P = −5 for the reddest line (the top curve for z < 0.1) to P = 5 for the bluest line
(the top curve for z > 0.1), the green curve shows a typical best fit result.
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Figure 4.4: An illustration of a redshift evolution corrected Schechter function derived
redshift distribution compared to the binned redshift counts of the data it was derived
from.
We now have a smooth prediction of radial number density and a known angular
completeness as calculated for SDSS main galaxy catalogues by Percival et al. (2007).
The relation,
n¯ (r) = FΩ(rˆ) . n¯z(r), (4.2)
then gives us smooth distribution of expected number density everywhere within the
survey limits. This distribution can then be Monte-Carlo sampled to produce random
catalogues. That is a random redshift is chosen and its probability of appearing in the
sample is determined by equation 4.1, if this is greater than a randomly chosen probability
then the redshift is included in the sample otherwise a new random redshift is generated
and the process is repeated, this leads to the a new sample of randomly chosen redshifts
with the same probability distribution as those in the real sample. The process continues
until the random sample of redshifts is an order of magnitude larger than the original
data subsample which the luminosity function was fitted to, this excess allows better
sampling of the shape of the probability distribution of the redshifts and the constant
excess amplitude this would create in any statistic can be removed with a multiplicative
normalisation. These catalogues then include the effects of redshift-evolution in galaxy
number density and absolute magnitude.
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Figure 4.5: An example plot where the redshift distribution model is derived from the
distribution of galaxies in absolute magnitude where a contribution is made to each red-
shift bin that a galaxy could have been observed in, dependent on the survey apparent
magnitude limits, and each redshift bin is then weighted by dV/dZ . This qualitatively
demonstrates that the redshift distributions derived from luminosity function fits provide
the correct functional form. This analysis assumes no redshift evolution of absolute mag-
nitude.
4.1.1 Numerical checks
The appropriateness of the above method for generating redshift distributions from lu-
minosity functions was validated by comparison with an empirical prediction of redshift
distribution derived from the absolute magnitude distribution of our full catalogue. The
catalogue was divided up into small bins in absolute magnitude, for each bin dN/dM
was calculated and weighted by dV/dz calculated at the mean redshift of that bin. The
resulting distribution was then numerically integrated over the absolute magnitude range
determined by the survey limits at a given redshift to give a smooth estimate of the red-
shift distribution. An example plot is given in figure 4.5.
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4.2 Redshift and expected number density distribution
results
Shown here (Figs. 4.6 & 4.7) are the results of deriving the expected redshift distributions
from the Schechter function fits (parameters given in Table 3.1, for the subcatalogues via
Eqn 4.1.
The equation,
dN
dVcomov
=
dN
dz
dz
dVcomov
(4.3)
then gives the transformation from expected redshift distribution to expected radial
distribution of number density where dVcomov is defined in Eqn. 3.7. Figs. 4.8 & 4.9 show
the radial distributions derived from the redshift distributions in Figs. 4.6 & 4.7.
4.3 Measuring power spectra
Power spectra were calculated as described in Percival et al. (2007), using the standard
Fourier technique of Feldman et al. (1994). In this method the galaxies were assigned to
the nearest point on a grid, corresponding to convolving with a top-hat selection function
in each direction and sampling. The overdensity field at each location is given by the
equation
F(r) = 1
N
∑
gal
wi − 〈w(r)n(r)〉
 , (4.4)
where N is the normalisation constant
N ≡
{∫
d3r [ 〈w(r)n(r)〉 ]2
}1/2
. (4.5)
Here wi are optimal galaxy weights designed to boost the signal from galaxies which
more closely trace the dark matter distribution Feldman et al. (1994). Obviously, no addi-
tional bias-dependent weighting scheme (such as that in Percival et al. 2004) was applied
as this would have interferred with our attempts to measure bias from the spectra. The
distribution w(r)n(r) is modelled by creating a random catalogue, Monte-Carlo sampled
from the distribution given in Eqn. 4.2, with the same selection function as the galax-
ies, but with Poisson sampling and 10× as many galaxies, thus including the radial and
angular selection functions in the method.
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Figure 4.6: Histogram showing the redshift distribution of galaxies in the absolute mag-
nitude and colour bins defined in Table 2.1. Plots on the left are for blue galaxies, plots
on the right are for red galaxies. Top to bottom the plots represent magnitude bins 1
(-22.30 ≤ M0.1r < -21.35), 2 (-21.35 ≤ M0.1r < -20.89) and 3 (-20.89 ≤ M0.1r < -20.47)
respectively. The black is the binned redshift distribution of the data, the cyan line is
the model distribution derived from the appropriate luminosity function via the relation
shown in Eq. 4.1) calculated at each bin centre, the red line is the monte-carlo sampled
redshift distribution drawn from the model.
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Figure 4.7: Histogram showing the redshift distribution of galaxies in the absolute mag-
nitude and colour bins defined in Table 2.1. Plots on the left are for blue galaxies, plots
on the right are for red galaxies. Top to bottom the plots represent magnitude bins 4
(-20.47 ≤ M0.1r < -20.00), 5 (-20.00 ≤ M0.1r < -19.34) and 6 (-19.34 ≤ M0.1r < -17.00)
respectively. The black is the binned redshift distribution of the data, the cyan line is
the model distribution derived from the appropriate luminosity function via the relation
shown in Eq. 4.1) calculated at each bin centre, the red line is the monte-carlo sampled
redshift distribution drawn from the model.
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Figure 4.8: Expected comoving number density as a function of redshift. Plots on the
left are for blue galaxies, plots on the right are for red galaxies. Top to bottom the plots
represent magnitude bins 1, 2 and 3 respectively. The empty circles show the model
predictions for comoving number density derived from the model redshift distributions
for each bin. The red crosses show data estimates of the comoving number density in
each redshift bin for comparison.
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Figure 4.9: Expected comoving number density as a function of redshift. Plots on the
left are for blue galaxies, plots on the right are for red galaxies. Top to bottom the plots
represent magnitude bins 4, 5 and 6 respectively. The empty circles show the model
predictions for comoving number density derived from the model redshift distributions
for each bin. The red crosses show data estimates of the comoving number density in
each redshift bin for comparison.
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The grid is then Fourier transformed and the amplitudes of the resulting Fourier
modes determine the estimated power spectrum ˆP(k) which is related to the true power
spectrum P(k) via the equation
ˆP(k) = 〈|F(k)|2 − Pshot〉 =
∫ d3k′
(2π)3 P(k
′)|G(k − k′)|2, (4.6)
where Pshot is the shot noise of the power measurement and G(k) is the Fourier trans-
form of the window function of the survey.
4.4 Estimation of power spectra uncertainties
In order to estimate the uncertainties in our power spectrum measurements we created
2000 Log-Normal (LN) catalogues for our SDSS DR5 sample, calculated as described
in Cole et al. (2005). We assumed a flat ΛCDM power spectrum with Ωmh = 0.2, and
Ωb/Ωm = 0.15. Normalisation was matched to that of L∗ galaxies as defined below.
We applied a colour and luminosity dependent bias model that is scale-independent
to these catalogues. The scheme was iteratively matched to our results: initially we
used the luminosity-bias relation of Norberg et al. (2001) to calculate catalogues and the
corresponding covariance matrix for the data.
Having fitted the data, we then calculated new catalogues with a bias scheme that
adopted the best fit linear measurement from the SDSS. The non-linear bias in the mocks
was the Log-Normal correction to the over-density field for these bias values. This
change resulted in a negligible change to the best-fit bias model, so we are confident
that our results do not depend on this choice.
Power spectra were calculated from the mock catalogues using exactly the same pro-
cess as for the actual data, and the covariance matrices were estimated for each of the
subcatalogues described in Section 2.4.
Because the LN catalogues for each subcatalogue were drawn from the same underly-
ing density fields, we use these mocks to calculate correlations between the power spectra
- and power bands within the spectra - for different subcatalogues: these will be corre-
lated as the volumes of the subcatalogues overlap. The framework for this calculation
can be seen in Appendix A.2.
Figures 4.10 & 4.11 show a comparison of our measured power spectra and averaged
mock spectra for each magnitude bin for red and blue galaxies respectively.
As stated above these mock spectra were used to estimate the uncertainties in our
power spectrum measurements. Figure 4.12 shows an example of a measured power
spectrum with estimated uncertainties in each band power.
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Figure 4.10: Comparison of data and mock power spectra in each of the absolute magni-
tude bins for red galaxies described in Table. 2.1. The data power spectra shown by the
solid lines were created using the method given in Section. 4.3. Mock catalogues were
created using the methods given in Section 4.4 and spectra generated the same way, the
dot-dash lines here show the average mock power spectrum for each sample.
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Figure 4.11: Comparison of data and mock power spectra in each of the absolute magni-
tude bins for blue galaxies described in Table. 2.1. The data power spectra shown by the
solid lines were created using the method given in Section. 4.3. Mock catalogues were
created using the methods given in Section 4.4 and spectra generated the same way, the
dot-dash lines here show the average mock power spectrum for each sample.
CHAPTER 4. MEASURING BIAS FROM POWER SPECTRA 88
10−2 10−1
102
103
104
105
k h.Mpc−1
P(
k) 
h−
3 .
M
pc
3
 
 
data red 1
data blue 6
Figure 4.12: Examples of measured power spectra with estimated uncertainties for the
brightest red bin and faintest blue bin.
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4.5 Generating linear theory spectra
In order to estimate the galaxy – dark matter bias parameter from large scale structure
measurements only (i.e. no gravitational lensing information) it is necessary to assume a
theoretical dark matter spectrum.
We created these theoretical spectra following the technique of Eisenstein & Hu
(1998) and cosmological parameters taken from WMAP3 only data.
Each theoretical spectrum is convolved with an observational window function de-
rived from the appropriate data subsample in order to properly estimate the bias of that
selection of galaxies, for further details see Section 4.7.
Figures 4.13 & 4.14 shows a comparison of linear theory spectra created by this
method with the measured power spectra from each of our magnitude bins for red and
blue galaxies respectively.
4.6 Power spectra models
We first fitted the measured power spectra assuming that the bias is constant for k <
0.21h.Mpc−1. We then consider fitting two scale-dependent bias models over an extended
range. For all of these fits, we assume that the bias model can mimic all deviations be-
tween the measured power spectra and the linear theory matter power spectrum. Results
are given in Chapter 5.
4.6.1 Linear bias models
We make a measurement of the linear bias (Eqn. 1.31) at large scales (k < 0.21 h Mpc−1)
for each of our subcatalogues relative to the bias of the red galaxy bin containing the
L⋆ population as determined by the peak in the absolute magnitude distribution of the
galaxies.
We fit the model given in Eqn. 4.11 to the relative bias measurements using a maxi-
mum likelihood method as for the galaxy-dark matter results.
Although fitting for the relative bias does not give us a relationship between the clus-
tering of dark matter and baryons is does provide information on the relative clustering
strengths of galaxy selections which potentially represent different galaxy populations.
This measurement also has the advantage of not depending on a model spectrum for the
dark matter spectrum.
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Figure 4.13: Comparison of data and linear theory dark matter power spectra in each
of the absolute magnitude bins for red galaxies described in Table. 2.1. The data power
spectra shown by the solid lines were created using the method given in Section. 4.3. The
dark matter linear theory power spectra shown by the dotted lines we generated as set out
in Section 4.5, each was convolved with the window function of the appropriate galaxy
sample.
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Figure 4.14: Comparison of data and linear theory dark matter power spectra in each of
the absolute magnitude bins for blue galaxies described in Table. 2.1. The data power
spectra shown by the solid lines were created using the method given in Section. 4.3.
The dark matter linear theory power spectra shown by the dotted lines we generated as
set out in Section 4.5, each was convolved with the window function of the appropriate
CHAPTER 4. MEASURING BIAS FROM POWER SPECTRA 92
4.6.2 Scale dependent non-linear models
First we fit our data selections using the Q-model (Cole et al., 2005),
b(k) = blin
√
1 + Qk2
1 + Ak , (4.7)
where blin is the asymptotic large-scale bias, and Q and A are parameters. Cole et al.
(2005) used halo model catalogues to suggest that A = 1.4 in redshift-space leaving just
a single parameter Q to be fitted to data. Q is expected to change for different galaxy
populations, and it is this that we test as a function of galaxy colour and luminosity.
We also consider a model with
b(k) = blin
√
1 + P
b2linPlin
, (4.8)
where the parameter P acts as an additional shot noise term. This model has a physical
basis as this term could account for a change in the shot noise. This would arise if halos
Poisson sample the density field, and galaxies are located in those halos, i.e. P is the
contribution to the galaxy power spectrum from the one-halo term Seljak (2001); Schulz
& White (2006); Guzik et al. (2007). We will refer to this model as the P-model.
The relative merits of these two models are discussed in Smith et al. (2007), who
argue in favour of the ease of physical interpretation of the P-model. In addition, they
show that for classes of cosmological model containing a free-streaming hot dark matter
component consisting of relic thermal axions, the Q-model becomes highly pathological
due to a degeneracy between Q and the particle mass. They suggest that this pathology
may extend to other models with light thermal relic components.
Figure 4.15 shows a an example comparison between the Q-model and P-model,
using the best fit parameters given in Table 5.1 for the red galaxy sample in magnitude
bin 1, applied to the same linear theory power spectrum. Qualitatively the results are
almost identical.
Figures 4.16 & 4.17 show the Q and P models respectively with either Q or P chang-
ing and large-scale bias parameter and input linear theory spectrum held the same. The
input spectrum and best fit parameters are for the brightest red bin.
The ranges of Q and P were chosen so that the resulting model galaxy power spectra
covered roughly the same range of values for the two models. Positions of individual
lines should not be compared but rather the range of shapes that each model can produce.
Note that the P-model qualitatively gives a stronger upturn at small scales, as the model
tends to the constant value of the P parameter. In general there appears to be very little
difference in the range of shapes possible.
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Figure 4.15: Example comparison of the fiducial, linear theory power spectrum model
for the brightest red bin multiplied by the best fit results for the Q-model (solid, red line),
and P-model (dashed, brown line).
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Figure 4.16: The variation of the Q-model shape as Q varies with a fixed large scale bias
parameter. The large scale bias is kept fixed at the best fit Q-model parameter value for
the brightest red bin, the input linear spectrum is for the same colour-magnitude bin, Q
varies as shown in the legend. The black line shows the best fit parameter model for same
colour-magnitude bin.
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Figure 4.17: The variation of the P-model shape as P varies with a fixed large scale bias
parameter. The large scale bias is kept fixed at the best fit P-model parameter value for
the brightest red bin, the input linear spectrum is for the same colour-magnitude bin, Q
varies as shown in the legend. The black line shows the best fit parameter model for same
colour-magnitude bin.
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4.6.3 Magnitude and scale dependent non-linear models
We go on to fit simple models for the luminosity dependence of the bias model parameters
given in Eqns. 4.7 & 4.8, i.e.,
b(k, L) = blin(L)
√
1 + Q(L)k2
1 + Ak , (4.9)
b(k, L) = blin(L)
√
1 + P(L)
b2linPlin
, (4.10)
expanding the parameterisations of first the large-scale bias and then the non-linear
bias behaviour in terms of absolute magnitude as shown below.
The asymptotic large-scale bias blin is known to be a function of galaxy luminosity
(Norberg et al., 2001; Tegmark et al., 2004a), and galaxy colour (Swanson et al., 2008).
Here, we extend the form of the model introduced by Norberg et al. (2001) in order to
cope with the more complicated behaviour seen when we also split galaxies by colour.
We assume a three parameter model as follows,
blin(L) = a1 + a2 LL⋆ + a3
L⋆
L
. (4.11)
This model reduces to the form of Norberg et al. (2001) in the case of a3 = 0. It
should be noted that when applied to the description of relative biase, where blin(L⋆) = 1,
we impose the condition a1 + a2 + a3 = 1 ,leaving the model with two free parameters.
Other luminosity dependent parameterisations of the of the large scale bias were con-
sidered but were found to be less suitable for fitting the data.
We then parameterise the non-linear deviation from constant bias as
Q(L) = q1 + q2(M − M⋆), (4.12)
and
P(L) = p1 + p2(M − M⋆). (4.13)
a1, a2, a3, q1, q2, p1 and p2 provide magnitude dependent parameterisations which we
can fit to the data. We therefore have a choice of fitting either the extended P or Q-model,
each of which has 5 free parameters; this is a significant reduction in the number of free
parameters compared with the 24 required to fit every absolute magnitude bin in a given
colour bin with the P or Q-model.
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4.7 Fitting Bias Models
As discussed in Chapter 1, we define bias as the square root of the ratio between the
galaxy power spectra and the linear matter power spectrum (Eq. 1.31). We fit the ob-
served power spectra with models calculated from a linear model power spectra, using
the fitting formulae of Eisenstein & Hu (1998), with parameters given by the concordance
cosmologyΩ0 = 0.241,ΩΛ = 0.759, H0 = 73.2, σ8 = 0.761, ns = 0.958,Ωb/Ωm = 0.175
(Spergel et al., 2007), multiplied by one of the bias models given in section 4.6. The
model is then convolved with the window function for each catalogue, as described in
Percival et al. (2007).
We are interested in relatively large scales k < 0.4 h Mpc−1 and assume that, on these
scales, the power spectrum band-powers result from a multi-variate Gaussian distribution,
and that they are correlated within a single power spectrum, and between different power
spectra.
Fitting the Q and P Models of Galaxy Bias
We performed the maximum likelihood fits to the measured power spectra for the linear
theory spectrum × bias model construction using the function mimisation routine Powell
(Press et al., 1992) applied to a multi-variate Gaussian distribution of parameter likeli-
hood using the covariance matrix calculated from the LN catalogues as follows. This
example is given for the Q-model, adapting it to the P-model is trivial.
In fitting the Q model of Cole et al the data can be defined as,
X =
Pdata
Plin theory ⊗ W
, (4.14)
and the model is,
ˆX =
[
b2Q model
1+Q k2
1+A k
]
⊗ W
Plin theory ⊗ W
, (4.15)
which is the most useful form for representing the model fits graphically, alternatively
the data could be seen as
X = Pdata, (4.16)
and the model as
ˆX = ˆPmodel =
[
b2Q model Plin theory
1 + Q k2
1 + A k
]
⊗ W, (4.17)
CHAPTER 4. MEASURING BIAS FROM POWER SPECTRA 98
which is the simpler form for use in a function fitting algorithm. W is the window
function describing the survey geometry and is convolved with the model power spec-
trum following the method used in Percival et al. (2007).
When fitting the Q model X runs over all k bins in a given colour-magnitude bin but
each bin is fit separately, when we fit the absolute luminosity dependent extension of
the Q model all k bins for a given colour bin are fit simultaneously. The algorithm for
scale-dependent bias fitting is as follows:
1. construct a vector Pall which contains all the data spectra values in a continuous set
of k bins.
2. Construct the covariance matrix of the data from the mock catalogues, excluding
those mock catalogues which contain a negative power value for any magnitude-
colour bin, e.g. if the fifth mock in the faintest blue bin contains negative power
then the fifth mock is excluded from the covariance calculations for all magnitude-
colour bins. This ensures that a covariance matrix of all bins can be constructed
from each set of mocks. For the results presented in Section 5.2 a total of 12 mock
catalogues were excluded from the set of 1500.
3. Minimise the function in equation A.6 where the model is in the form of equa-
tion 4.15.
4. To find the 1 σ variance on an estimated parameter: once the maximum likelihood
parameter value is found step around that value looking for those which give∆ χ2 =
1 but do the full minimisation over all the other parameters, don’t keep them fixed
at their values for the overall joint maximum likelihood point.
For absolute magnitude and scale-dependent bias fitting the method is as above except
that the data X, model and covariance matrix now run over all k and absolute magnitude
bins for a given colour.
Results of all the redshift distribution calculations and bias fitting calculations are
given in Chapter 5.
Chapter 5
Bias Measurements from the Sloan
Digital Sky Survey
This chapter contains the results of fitting the bias models discussed in Chapter 4 to
measured power spectra.
We have fitted bias models to power spectra calculated for each of the subcatalogues
parametrised in Table 2.1 using the galaxy radial number density distributions given in
Section 4.2, i.e. we measure bias for red and blue galaxies in a series of absolute lu-
minosity bins. First we consider fitting scale-independent bias models on large scales.
Subsequently we consider fitting scale-dependent bias models. Finally we fit models in
which the scale-depency has been parameterised as a function of absolute luminosity.
5.1 Large scale bias
For our first bias measurement we assume that the bias does not change with scale, i.e.
the deterministic, linear bias model given in Eqn. 1.31. In line with this assumption we
perform the model fitting to very large scales (k < 0.21 h Mpc−1).
The resulting bias amplitudes were measured relative to to b⋆,red, that is the bias of red
galaxies of luminosity L⋆ where L⋆ was calculated from the peak in the absolute magni-
tude distribution of the red galaxies. The method of fitting is described in Section 4.7.
Our results are shown in Figs. 5.1 & 5.2. Fig. 5.3 compare our results and model
with the data of Swanson et al. (2008) with an average redshift evolution correction to
the absolute magnitudes removed from each magnitude bin.
In order to compare samples with different L⋆ values the Swanson et al. (2008) data
have been offset so that the linear interpolation of the data points either side of our L⋆ bin
passes through our L⋆ bin, these corrections are small, ≈ −0.05 M0.1r for red galaxies and
99
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Figure 5.1: Comparison of relative, large-scale, constant, linear bias as a function of
luminosity for galaxies split into red and blue colours. Five and six pointed stars represent
our measurements of bias relative to our red galaxy M⋆ bin, for red and blue galaxies
respectively. The horizontal dashed line shows no bias relative to our red M⋆ bin.
CHAPTER 5. BIAS MEASUREMENTS FROM THE SDSS 101
−23 −22 −21 −20 −19 −18 −17
0.6
0.7
0.8
0.9
1
1.1
1.2
1.3
M0.1 r − 5log10(h)
b/
b *
 r
ed
Figure 5.2: As Fig. 5.1 additionally with the upper, solid line is a fit to Eq. 4.11 for our
red galaxy bias points, see text for details. The lower, dash-dot line is the fit to blue
galaxies.
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Figure 5.3: As Fig. 5.1 additionally with squares and circles showing the results from
Swanson et al. (2008) renormalised to match our M⋆ values, see text for details.
≈ +0.01 M0.1r for blue galaxies, show here in Figure 5.3. As can be seen, we recover the
same trends. The bias of blue galaxies monotonically increasing with galaxy luminosity.
The red galaxies show more complicated behaviour with increased bias for both high and
low luminosity galaxies.
We find clear differences in the large-scale asymptotic bias between blue and red
galaxies, similar to that found by Zehavi et al. (2005) and Swanson et al. (2008), and
shown in Figs. 5.6, 5.7, 5.8 & 5.9.
We make the following observations:
• At large scales red galaxies are more biased than blue galaxies for all luminosities.
• The bias of blue galaxies is a strong, monotonically increasing function of lumi-
nosity, with the more luminous galaxies being the most biased.
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• For red galaxies, the observed trends are more complicated. We also see an upturn
in the bias of red galaxies as we move to fainter magnitudes, (Zehavi et al. (2005)
find a similar result but stress the scale dependence of the observation). This trend
is significant at the 7.2 − σ level. The SDSS Collaboration et al. (2010) also find
qualitatively similar results but with a weaker trend in the upturn bright red galax-
ies, however this study analyses the two-dimensional angular (projected) correla-
tion function of the galaxies, rather than the three-dimensional power spectrum, so
any comparison of observed trends should be treated cautiously.
This result is consistent with the Hogg et al. (2003) finding that both high and low
luminosity red galaxies live in over-dense regions. It is possible that this can be
explained in terms of very luminous, red bright central galaxies in halos and their
surrounding fainter, red satellite galaxies.
• We find a stronger bias for luminous blue galaxies, compared with that of Swan-
son et al. (2008). The reason for this is unknown, although it is worth noting that
our catalogue is larger than that used by Swanson et al. (2008), as they used ad-
ditional cuts, constructing volume limited subsamples, compared with our sample
selection procedure (see section 2.4). The model is poorly constrained at the faint
end due to the lack of unique data points in that range. It is worth noting that, due
to different colour cut criteria, the brightest absolute magnitude bins in Swanson
et al. (2008) are inherently more red than ours, this might lead one to expect larger
bias measurements for those bins, the opposite of the observed trend. The bright
blue sample contains the smallest numbers of galaxies, so the errors on the relative
bias should be the largest of any sample. However, our expected errors are insuffi-
cient to fully explain the discrepancy, and there remains no obvious reason for this
difference.
5.2 Scale dependent bias
However, the measured galaxy bias as a function of scale, shown as the data points in e.g.
Fig. 5.4 is clearly not constant on small scales.
As discussed in Chapter 4 a number of models have been developed to describe this
non-linear behaviour of the galaxy bias. We determined the best-fit parameters for the P
and Q-models, given in Eqns. 4.7 & 4.8 respectively for scales k < 0.4 h Mpc−1. These
numbers were calculated by separately fitting each of the 12 power spectra with the bias
model multiplied by the linear power spectrum.
The method of model fitting and calculation of uncertainties is discussed in Sec-
tion 4.7. The results of the fitting are presented here in Table 5.1. The best-fit values
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Q-model P-model
bin blin Q blin P
red 1 1.40 ± 0.02 9.45 ± 0.70 1.35 ± 0.02 512 ± 48
red 2 1.22 ± 0.03 9.24 ± 0.83 1.17 ± 0.03 375 ± 40
red 3 1.17 ± 0.03 9.44 ± 0.94 1.13 ± 0.03 351 ± 42
red 4 1.20 ± 0.04 7.72 ± 0.93 1.16 ± 0.04 277 ± 46
red 5 1.25 ± 0.05 7.26 ± 1.03 1.20 ± 0.05 272 ± 51
red 6 1.44 ± 0.08 8.03 ± 1.45 1.39 ± 0.07 419 ± 80
blue 1 1.09 ± 0.03 13.74 ± 1.29 1.04 ± 0.03 541 ± 48
blue 2 0.96 ± 0.03 9.89 ± 1.34 0.92 ± 0.03 274 ± 40
blue 3 0.94 ± 0.04 7.74 ± 1.43 0.90 ± 0.04 177 ± 43
blue 4 0.89 ± 0.05 7.44 ± 1.74 0.86 ± 0.05 151 ± 46
blue 5 0.91 ± 0.07 4.64 ± 1.78 0.87 ± 0.06 66 ± 51
blue 6 0.92 ± 0.14 2.99 ± 2.97 0.87 ± 0.13 17 ± 80
Table 5.1: Maximum Likelihood parameters calculated by fitting the Q-model and P-
model for scale-dependent galaxy bias as given in Eqns. 4.7 & 4.8, to power spectra
calculated for the catalogues described in Table 2.1. Best-fit values are presented together
with 1-σ uncertainties.
and their trends as a function of galaxy colour and luminosity are analysed further in
Section 5.3.
The model power spectra resulting from the above fits, and the data power spectra
are compared in Figs. 5.4 & 5.5. The data are divided by a fiducial model (described in
Section 4.5) which has been convolved with the appropriate survey window function.
Comparisons are shown for the red galaxies in the left hand panels and blue galaxies
on the right, with the rows of panels showing different absolute magnitude bins as defined
in Table 2.1, with the brightest magnitude bins at the top of the figure and faintest at the
bottom.
The offset visible between the data and model in the lower left panel is due to the high
best-fit large-scale bias value in the best-fit solution (blin in Eqns. 4.7 & 4.8, parameters
given in Table 5.1). Such effects arise because the data are correlated, and the maximum
Likelihood solution does not match what the eye might expect, the so called “χ-by-eye”
expectation.
For the first time galaxy bias has been investigated using real data as a function of both
colour and luminosity. A literature search has not yet yielded other fits of the P-model to
real data. In this work the Q-model has been fitted to a larger range of luminosities than
previously used (c.f. Percival et al., 2007).
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Figure 5.4: Comparison of best-fit power spectra calculated with bias from the Q-model
(solid lines) to the data (circles with 1σ errors). The power spectrum for each sample (see
Table 2.1) is divided by our fiducial linear power spectrum convolved with the appropriate
window function.
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Figure 5.5: As Fig. 5.4 (see Table 2.1 for sample descriptions), but now for model power
spectra calculated assuming the P-model for galaxy bias.
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Our results in this section have extended the work on constant bias models by con-
sidering how the non-linear turn-off from constant large-scale bias depends on galaxy
colour and then luminosity. We compared two models for this turn-off: the P-model
and Q-model given in Eqns. 4.7 & 4.8 respectively. We find that there is little to choose
between the two in terms of how well they can fit the current data, and both provide ad-
equate fits to the power spectrum trends observed as a function of galaxy luminosity and
colour at the current level of data precision. Although there is no observational motiva-
tion, Hamann et al. (2008) argues that the P-model has a physical motivation and so a
more easily interpretable form, therefore making it a more attractive model of bias.
We use the values of P and Q obtained for these two models to quantify the degree
of divergence from a constant bias model. Note that these parameters change both the
position (physical scale) and amplitude of the turn-off.
We find that the best-fit values of P and Q, shown in Figs. 5.6, 5.7, 5.8, 5.9, are a
strong function of luminosity for blue galaxies. Red galaxies show far weaker evolution
with luminosity and, to current data precision, are consistent with the hypothesis of no
luminosity dependence in the physical scale at which the bias is seen to deviate from a
constant value.
Interestingly, this trend in the turn-off from apparent scale-independent behaviour
does not match that of the amplitude of the large-scale bias. If large-scale bias amplitude
and turn-off scale were linked, we might have expected the Q or P parameters to match
for red galaxies of high and low luminosity, where the constant bias component matches,
but be different for intermediate luminosity galaxies. We do not observe such a trend,
suggesting that there might not be a simple link between the amplitude of bias and the
scale at which the 1-halo term becomes important.
It is clear that the simple P and Q-models will become insufficient to model the
observational data, both on very small scales and as the data improve. They are empiri-
cally motivated to fit observed trends, and do not encompass all of the physics involved.
However, the potential limits of simple, phenomenological models, such as the P and
Q-models, do not stop us being able to use them to investigate trends in the data as we
have done in this chapter. The current data clearly show that, on relatively large scales
(our small scale limit of 0.4 h Mpc−1 approximately corresponds to 16 h−1 Mpc), blue and
red galaxies have very different bias properties. It is those blue galaxies which are faint
in the r-band whose relative clustering on different scales most closely resembles that
of the underlying dark matter distribution (they are the least biased subsample), and the
luminous blue galaxies the least (these are the most biased). This supports the hypothesis
that the shapes of the 2dFGRS and SDSS main galaxy power spectra of Cole et al. (2005)
and Tegmark et al. (2004a); Percival et al. (2007) differ because the average galaxy bias
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of each sample differs, caused by different sample selections. The clustering of the 2dF-
GRS galaxies, on average, would be expected to be a better tracer of the linear clustering
signal out to smaller scales than the SDSS galaxies.
5.3 Magnitude and scale dependent bias
Finally we parameterised the dependence of the non-linear bias parameters on absolute
magnitude as detailed in section 4.6.3. This gives models of galaxy bias which depend
on absolute magnitude and scale.
We performed this fit simultaneously to the power spectra in each of the absolute
magnitude bins for a given colour selection using the maximum likelihood methods de-
fined in Section 4.7.
We allowed for the covariances between band powers within each spectrum, and be-
tween different power spectra, i.e. we did not simply fit the recovered data values in
Figs. 5.6 & 5.7 & 5.8 & 5.9, but instead perform a new fit to every single band power
datum.
The resulting bias models are compared with the previous results, calculated when
we fit blin, Q and P to each subcatalogue individually, in Figs. 5.6, 5.7, 5.8 & 5.9. As can
be seen, this simple model does very well in matching the luminosity-dependent trends
observed.
The resulting best-fit parameters, given here to a limit of 2 significant figures, allow us
to define the following scale and magnitude dependent models for redshift-space galaxy
power spectra. Using the Q-model, for red galaxies,
Pgal red(L, k) =
(
0.92 + 0.10 L
L⋆
+ 0.19L⋆
L
)2
× Plin(L, k)
(
1 + (7.5 − 1.0(M − M⋆))k2
1 + 1.4 k
)
, (5.1)
and for blue galaxies,
Pgal blue(L, k) =
(
0.81 + 0.07 L
L⋆
+ 0.02L⋆
L
)2
× Plin(L, k)
(
1 + (6.3 − 3.1(M − M⋆))k2
1 + 1.4 k
)
. (5.2)
These model power spectra are compared with those observed in Fig. 5.10, where
good agreement is seen.
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Figure 5.6: Best-fit blin model parameter as a function of absolute magnitude, as presented
in Table 5.1, from a fit including the Q-model bias prescription. Circles and crosses
are for red and blue galaxies respectively. Solid, horizontal lines about each data point
show the extent of each absolute magnitude bin. The solid line shows the model of
Eqn. 5.1 and the dashed line shows the model of 5.2 red and blue galaxies respectively.
It should be noted that the models were not fitted to the individual data points above but
rather to all galaxy bias measurements in a given colour bin simultaneously, and so the
lines representing the magnitude dependence of the individual model parameters are here
shown only for comparison.
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Figure 5.7: Best-fit Q model parameter as a function of absolute magnitude, as presented
in Table 5.1, from a fit including the Q-model bias prescription. Circles and crosses are
for red and blue galaxies respectively. Solid, horizontal lines about each data point show
the extent of each absolute magnitude bin. The solid line shows the model of Eqn. 5.1
and the dashed line shows the model of 5.2 for red and blue galaxies respectively. It
should be noted that the models were not fitted to the individual data points above but
rather to all galaxy bias measurements in a given colour bin simultaneously, and so the
lines representing the magnitude dependence of the individual model parameters are here
shown only for comparison.
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Figure 5.8: Best-fit blin model parameter as a function of absolute magnitude, as presented
in Table 5.1, from a fit including the P-model bias prescription. Circles and crosses are
for red and blue galaxies respectively. Solid, horizontal lines about each data point show
the extent of each absolute magnitude bin. The solid line shows the model of Eqn. 5.1
and the dashed line shows the model of 5.2 for red and blue galaxies respectively. It
should be noted that the models were not fitted to the individual data points above but
rather to all galaxy bias measurements in a given colour bin simultaneously, and so the
lines representing the magnitude dependence of the individual model parameters are here
shown only for comparison.
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Figure 5.9: Best-fit P model parameter as a function of absolute magnitude, as presented
in Table 5.1, from a fit including the P-model bias prescription. Circles and crosses are
for red and blue galaxies respectively. Solid, horizontal lines about each data point show
the extent of each absolute magnitude bin. The solid line shows the model of Eqn. 5.1
and the dashed line shows the model of 5.2 for red and blue galaxies respectively. It
should be noted that the models were not fitted to the individual data points above but
rather to all galaxy bias measurements in a given colour bin simultaneously, and so the
lines representing the magnitude dependence of the individual model parameters are here
shown only for comparison.
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Figure 5.10: As Fig. 5.4, but now showing models with parameters calculated from a
simple fit to the luminosity dependent trends observed in Figs. 5.6, 5.7, 5.8 & 5.9.
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Using the P-model, for red galaxies,
Pgal red(L, k) =
(
0.89 + 0.10 L
L⋆
+ 0.18L⋆
L
)2
× Plin(L, k) + (200 − 40(M − M⋆)), (5.3)
and for blue galaxies,
Pgal blue(L, k) =
(
0.77 + 0.07 L
L⋆
+ 0.02L⋆
L
)2
× Plin(L, k) + (160 − 130(M − M⋆)), (5.4)
where, as previously noted in the text, A = 1.4. These model power spectra are compared
with those observed in Fig. 5.11 where, as in Fig. 5.10, good agreement is seen.
The χ2 values of the best-fit models including the P-model of bias are good, with
χ2 = 609 given 571 degrees-of-freedom for the red galaxies and χ2 = 439 for the blue
galaxies given the same number of degrees of freedom. For the Q-model, the corre-
sponding numbers are χ2 = 624, and χ2 = 440. These numbers depend strongly on the
covariance model adopted and, as a consequence, we do not analyse these further other
than to note that the fits seem to give reasonable numbers.
5.4 Discussion
This work has highlighted the importance of sample selection for future galaxy surveys,
and the importance of understanding galaxy bias for extracting cosmological informa-
tion from power spectrum shapes from such surveys. Red and blue galaxies show very
different trends in their large-scale bias and the scale-dependent smaller-scale bias as a
function of luminosity. It is clear that galaxies need to be split into sub-populations by
more than just the luminosity in a single absolute magnitude band to properly understand
and model bias, future work will focus not only further splits by galaxy colour, but also
directly observed morphological type from the Galaxy Zoo project as for our earlier lu-
minosity function work.
One possible direction for future work could come from the consideration that two
factors affect the shape of the galaxy power spectrum, redshift-space distortions and
galaxy clustering bias. Our work here was carried out in redshift space. However, it is
possible to remove the effects of redshift-space distortions from measurements of galaxy
CHAPTER 5. BIAS MEASUREMENTS FROM THE SDSS 115
0.5
1
1.5
Red 1
0.5
1
1.5
Red 2
0.5
1
1.5
P o
bs
(k
) / 
P li
n(k
)
Red 3
0.5
1
1.5
Red 4
0.5
1
1.5
k h.Mpc−1
Red 5
0.01 0.1
0.5
1
1.5
Red 6
0.5
1
1.5
Blue 1
0.5
1
1.5
Blue 2
0.5
1
1.5
Blue 3
0.5
1
1.5
Blue 4
0.5
1
1.5
Blue 5
0.01 0.1
0.5
1
1.5Blue 6
Figure 5.11: As Fig. 5.5, but now showing models with parameters calculated from our
simple fit to the luminosity dependent trends observed in Figs. 5.6, 5.7, 5.8 & 5.9.
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clustering statistics (e.g. Nock et al., 2010). A valuable direction for future work could
be to refit the P and Q models to real-space measured power spectra, determining to what
extent redshift-space distortions affected the behaviour of the non-linear parameters, and
so whether one model might be preferred over the other.
The results and methods in this chapter and Chapter 4 are published in the MNRAS
paper Cresswell & Percival (2009).
Chapter 6
Conclusions
Understanding galaxy formation and evolution allows us to test the physics of the Uni-
verse on scales not otherwise accessible to us. We can also use galaxies to trace the
large-scale structure of the Universe, this is of particular topical importance in the light
of our incomplete understanding of dark energy; it is therefore imperative that we try to
understand galaxy formation in order to best be able to use galaxies as tracers of the total
mass distribution.
In this thesis we have used the SDSS main galaxy sample to explore the statiscal
properties of the galaxy population as a whole, we have examined the spatial distribution
of galaxies and their distribution in terms of luminosity. These results will be important
for constraining semi-analytic galaxy formation models, e.g. Cole et al. (2000); Springel
et al. (2005); Baugh (2006). These results should also allow us to disentangle the effects
of galaxy formation and cosmology
We also set out to measure how the statistical properties of galaxies vary between
populations. We have seen morphology and colour dependent trends in the distribution
of galaxies in luminosity and redshift. We have found that these trends are reflected in
their global properties - their clustering and luminosity functions.
6.1 Galaxy populations
The Galaxy Zoo project is the first time that morphologies have been visually classified
in such numbers. and so our analysis of this data provides results never before seen.
Section 2.7 shows that for our catalogues never less that 10% of spiral galaxies are
red, and never less than 10% of early-type galaxies are blue. This is unexpected given the
standard model that early-type galaxies are red and spiral galaxies are blue. This result
may be indicative of distinct processes being responsible for galaxy colour and morphol-
ogy e.g. the process causing a galaxy to be red is not the same as the process causing it
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to be early-type. There is evidence to suggest that some proportion of the red spirals are
edge on and dusty and hence their colour is less strongly linked to their stellar population
(Masters et al., 2010a,b). However it should be noted that due to the flux-limited nature
of the samples that the higher redshift detections preferentially select object which are
more intrinsically luminous and therefore more like to be massive, early-type galaxies.
Assuming that that the morphology classification bias correction is robust, then the ap-
parent decreasing trend in the fraction of early-type galaxies towards the present day is
likely due to this selection bias.
Our finding that a significant fraction of early-type galaxies within our sample are
blue suggest that a significant fraction of early-type galaxies may be undergoing star-
formation. Our further finding that blue, early-type galaxies tend to be faint, together with
the assumption that the faintest galaxies tend to be the least massive galaxies, indicates
that there may be a significant population of low-mass, star-forming early-type galaxies in
the Universe. The proposed investigation (Section 6.4) of the dependence of luminosity
functions on colour, morphology and galaxy mass would allow us to determine is this is
indeed the case.
6.2 Luminosity functions
Our luminosity function measurements have given new insight into the histories and evo-
lution of various galaxy sub-populations. With this statiscal testwehave been able to look
at evolution of population densities as a whole and in a comparitive way, as a function of
galaxy morphology and colour. This is a new way of comparing how colour and morphol-
ogy select galaxy evolutionary history - the luminosity functions of galaxy populations
selected by colour, morphology or both, as shown in Chapter 3, exhibit significantly dif-
ferent characteristics.
We examine the results of Chapter 3 under the following assertions. r-band selected
surveys, such as the SDSS, preferentially select old stellar populations. This implies that
galaxies selected in the r-band at the same luminosity have similar, old stellar populations,
independent of galaxy colour. Therefore “blue” colour selected distributions have both
new and old stars.
For spiral galaxies we see similar luminosity function shapes at the bright end for
both red and blue galaxies, this suggests that whatever makes those galaxies bright is
independent of whatever makes them red or blue. This is not true at the faint end where
red and blue galaxies display different luminosity function profiles.
The Early-types galaxies display very different behaviour. Whatever makes them
red or blue is clearly dependent on luminosity at both the bright and faint ends of the
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distribution. This strongly suggests that the mechanisms determining a galaxy’s colour
are not the same as those determining its morphology.
It is clear from the results that while both galaxy colour and morphology may be used
as proxies for galaxy formation history selection they do not select identical populations.
This demonstrates that galaxy colour is at best a biased proxy for galaxy morphology,
suggesting that as neither galaxy colour nor morphology uniquely defines a galaxy’s for-
mation history neither can, in isolation, be used to fully determine a galaxy’s “type”.
Examining the luminosity function results of Chapter 3 as shown in Figs. 3.9, 3.11 & 3.12,
and comparing the 1/Vmax estimates to the Schechter function model fits, it is clear that
we are reaching the limits of the applicability of the Schechter function. Extensions to
the Schechter funtion formalism have been suggested as discussed in Section 3.6.1.
The parameterisation of the redshift dependence of number density and absolute lu-
minosity within the Schechter function allows us to make the following observations.
Spirals galaxies appear to evolve strongly with redshift, whereas early-types do not - the
same trends are observed for red and blue galaxies respectively although not to the same
degree (Fig. 3.13).
Although early-type galaxies exhibit weak evolution with redshift, with red early-
types number density near constant, the smaller population of blue early-types evolves
strongly with larger number densities being found at higher redshift. There appear to be
slightly fewer red early-type galaxies in the past, whereas the number density of red spiral
galaxies increases strongly, and more quickly than that of blue spirals (Figs. 3.14 & 3.15).
6.3 clustering of galaxies
Our measurements of the galaxy clustering bias, as presented in Chapter 5, have shown
that future survey planning and analysis must take into account at least the colour and
luminosity of galaxy populations.
Our primary result from the analysis of clustering is that on large scales the red and
blue galaxies cluster differently, this can be seen in Fig. 5.1. We confirm the Swanson
et al. (2008) result that the clustering bias of red galaxies peaks at high and low lu-
minosity, while the bias of the blue galaxies is a monotonically increasing function of
luminosity.
We examine scale dependent galaxy bias as a function of both colour and luminosity.
No other references to the P-model being fit to real data have yet been found in the
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literature. The Q-model has been fitted to a larger range of luminosities than previously
used (c.f. Percival et al., 2007).
We fit models for the non-linear behaviour of the large-scale clustering of galaxies
to our data. We see that the turn up in the power at small scales is a strong function
of luminosity for blue galaxies and a weak or luminosity-independent function for red
galaxies (see Figs. 5.7 & 5.9). This is the first time that this result has been shown. As
our analysis examines scales corresponding to the transition from the 1-halo term to the
2-halo term in the halo model, these results apply to quasi-linear scales rather than purely
non-linear scales.
We find that for blue galaxies the large-scale, constant bias is a strong, monotonic
function of absolute luminosity. The large-scale, constant bias of the red galaxies exhibits
some very interesting properties, with both bright and faint galaxies having a higher
clustering bias than median luminosity galaxies (see Figs. 5.6 & 5.8). It is possible that
this behaviour is due to both very large and very small red galaxies living in high density
regions, as bright, central and satellites within single halos, while the median luminosity
galaxies are more widely distributed - this supposition could form the basis of a further
investigation. This would support the findings of Hogg et al. (2003) that both faint and
bright, red galaxies are more likely than median luminosity red galaxies to be found in
high density regions.
A deeper understanding of galaxy bias is essential as bias feeds back into cosmo-
logical parameter estimation both as a parameter and through the weighting of galaxies.
We have shown that in order to extract the most accurate estimates of cosmological pa-
rameters in current and future galaxy surveys it will be necessary to consider galaxy
populations selected in at least colour and luminosity; failure to do so will result in bias
estimates and galaxy weighting schemes that are incorrect for both red and blue galaxies.
This work also suggests that galaxy bias measurements would greatly benefit from
morphological information; this would be made more practical if accurate, automated
measurement of visual morphologies could be developed.
6.4 Further work
This section is presented as a list of possible projects where each project could become
either a published paper or a significant proportion of a paper.
• Since these analyses were carried out the SDSS-II survey has been completed, with
the 7th data release containing 30% more galaxies. Repeating the analyses with this
catalogue would provide better constraints on parameters and their uncertainties.
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• Galaxy Zoo 2 data is now available, again providing a greater number of galaxies
for any repeat analyses.
• For the luminosity function work, models extending the flexibility of the Schechter
function, e.g. Loveday (1998); Baldry et al. (2004) could be integrated into the
analysis, possibly allowing for more accurate evolution parameter fitting and de-
rived redshift distributions.
• The analyses in this thesis were carried out in redshift space. Repeating the calcu-
lations with redshift space distortions removed may allow for more accurate lumi-
nosity functions, redshift distributions and bias measurements.
• An immediate, obvious and fast extension of the current work would be to investi-
gate scale-dependent galaxy clustering bias as function of galaxy morphology. This
would consist of applying the analyses of Chapters 4 & 5 to the data of Chapter 3.
Having found that red galaxies and blue galaxies cluster differently it seems likely
that the effects which make them red or blue are at least in part derived from rel-
atively large scale physics, a purely local effect would not show up in clustering
measurements. We expect morphology to exhibit a similar but distinct relationship
to clustering. It is possible that differences detected in luminosity functions, for in-
stance between red spiral galaxies and blue spiral galaxies, are due to local physical
effects and so these populations would not necessarily display significantly differ-
ent clustering behaviour. This further work will allow us to see how clustering
statistics depend on galaxy morphology and colour.
The catalogues are available, the methods are established and the code is complete.
This would allow us to ask questions such as do the red spirals follow the clustering
behaviour of spirals, giving indications as to any common evolutionary history.
The large-scale bias is an indicator of the relative median mass of halos, e.g. if red
galaxies and blue galaxies have a different large scale bias then it is likely that they
exist in different mass halos - we could determine if this has any dependence on
colour or morphology. We could examine how colour and morphology affect the
scale and degree of transition form linear to non-linear clustering behaviour.
• Masters et al. (2010a) find that massive galaxies tend to be red, independent of
morphology. We find that bright spiral galaxies have little preference for being red
or blue. This suggests that the brightest spirals, being blue, may not be the most
massive spirals (see Section 3.6.3). An examination of luminosity functions as a
function of colour, morphology and luminosity independent mass estimates could
explore this proposition, give new insight into the relationships between colour,
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morphology, luminosity and galaxy mass, and lead to bias measurements as a func-
tion of mass.
• An important question arising from this work is why do faint and bright red galax-
ies have high clustering biases. It could be because they live in the same halo -
as central galaxies and satellites - it could be that they live in different halos that
happen to have the same mass. Cross-correlation between colour, morphology and
luminosity selected galaxy catalogues could allow us to answer these questions.
Complementarily, examining the behaviour of luminosity functions and clustering
bias as a function of colour, morphology and local density may also give some
insight into these possibilities.
Ultimately the goal is to characterise the luminosity-redshift functions and spatial
clustering of galaxies as a function of:
• The optical properties of galaxies, e.g. luminosity, colour, spectral type.
• The physical distribution of luminous matter in galaxies. e.g. morphology, half-
light radius or concentration.
• The mass of the galaxies. Either determined through light dependent stellar mass
estimates of the luminous matter, or dynamical estimates of the total mass within
the radius of the luminous matter, or via lensing estimates of the total mass within
a given radius.
• Local density of galaxies as measured from a galaxy redshift survey.
• Redshift. I.e. The redshift dependence of the clustering statistics.
Appendix A
Likelihood calculations
Throughout this work we use calculations of likelihoods. This appendix describes the
mathematics of likelihood calculations.
A.1 Multivariate Normal Distribution for Independent
Variables
Assuming that the data in vector X are approximately normally distributed and indepen-
dent variables i.e.
f (Xi) = 1√
2πσ
exp
(
−1
2
(Xi − ˆXi)2
σ2
)
, (A.1)
where the vector ˆX contains the expectation values for X.
The total probability of the set of n independent data points, X, is then,
f (X1, X2 . . . , Xn) = L ∼ f (X1) f (X2) . . . f (Xn) =
n∏
i=1
f (Xi). (A.2)
Where L is the likelihood of a given set of estimators of the data ˆX given the data X.
If the expectation value is a model depending on parameters θ then using the relation,
ln
 n∏
i=1
fi
 = n∑
i=1
ln ( fi), (A.3)
equation A.2 may be rewritten in terms of a sum over the variance between the data
and the expectation values which is minimised for the parameters with the maximum
likelihood given the data, a statistic usually refered to as χ2 (-2 * log likelihood):
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− 2 ln(L) =
n∑
i=1
−2 ln
[
1√
2πσ
exp
(
−1
2
(Xi − ˆXi)2
σ2
)]
∝
n∑
i=1
(Xi − ˆXi)2
σ2
≡ χ2. (A.4)
A.2 Likelihood of covariant, normally distributed vari-
ables
If each variable Xi is not independent but are normally distriubted then X1, X2, . . . , Xn ≡
X form a multivariate normal distribution and the joint likelihood becomes:
f (X1, X2 . . . , Xn) = L = 1(2 π)n/2|Σ|1/2 exp
(
−1
2
(X − ˆX)TΣ−1(X − ˆX)
)
, (A.5)
where the covariance matrix Σ is assumed to be independent of the data X. Taking
the log of L we have can construct the equivalent to equation A.4
− 2 ln(L) ∝ (X − ˆX)TΣ−1(X − ˆX) ≡
∑
i
∑
j
(Xi − ˆXi)TΣ−1i j (X j − ˆX j). (A.6)
Appendix B gives the equations we used for estimating the covariance matrices of the
fitted luminosity function parameters, and presents our results in the form of correlation
matrices.
Appendix B
Luminosity function parameter
covariances
We estimate the covariance of our luminosity function parameters using a jackknife re-
sampling method (e.g. Efron & Stein (1981)). First we refit the luminosity function
parameters for a set of N new catalogues constructed by sequentially excluding N, equal
area, portions of the sky, that is each sample consists of
sample j =
N∑
i=1,i, j
sky portioni. (B.1)
Figures B.1 & B.2 show the scatter in the resulting Q and P best-fit parameters for
each jackknife sample for each colour-luminosity bin.
We then calculate the covariance from those N new parameter sets using the relation
Cp1,p2 =
N − 1
N
N∑
i=1
i∆ p1
i∆ p2 , (B.2)
where the indices p1 and p2 run over the luminosity function parameters and
i∆ p1 =
is p1 − s¯ p1 , (B.3)
where is p1 is the ith member of set of N fits for parameter p1 and s¯ p1 is the mean value of
those fits.
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Figure B.1: The scatter in the best-fit Q and P luminosity function parameters for the
jackknife resamplings of the galaxies.
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Figure B.2: The scatter in the best-fit Q and P luminosity function parameters for the
jackknife resamplings of the galaxies.
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Table B.1: Correlation matrix of the best fit luminosity function parameters estimated
using jackknife resampling for all galaxies.
M⋆ α Q P n¯
M⋆ 1.00 0.69 0.48 −0.15 0.90
α 0.69 1.00 0.25 −0.33 0.65
Q 0.48 0.25 1.00 0.04 0.08
P −0.15 −0.33 0.04 1.00 −0.20
n¯ 0.90 0.65 0.08 −0.20 1.00
Table B.2: Correlation matrix of the best fit luminosity function parameters estimated
using jackknife resampling for red galaxies.
M⋆ α Q P n¯
M⋆ 1.00 0.81 0.35 −0.16 0.60
α 0.81 1.00 0.27 −0.24 0.29
Q 0.35 0.27 1.00 0.06 −0.46
P −0.16 −0.24 0.06 1.00 −0.10
n¯ 0.60 0.29 −0.46 −0.10 1.00
We present the degeneracies between the parameters here in the form of correlation
matrices calculated using the relationship,
Rp1,p2 =
Cp1,p2√
Cp1 ,p1 ,Cp2,p2
. (B.4)
When interpreting the above correlation matrices please note that as M⋆, α and Q are
fit together and so can be considered truly covariant, however P then n¯ are fit consequen-
tially and so are only dependent on the parameters that were determined before them, e.g.
P depends on all M⋆, α and Q, but M⋆, α and Q do not depend on P.
Table B.3: Correlation matrix of the best fit luminosity function parameters estimated
using jackknife resampling for blue galaxies.
M⋆ α Q P n¯
M⋆ 1.00 0.78 0.57 −0.10 0.97
α 0.78 1.00 0.36 −0.11 0.78
Q 0.57 0.36 1.00 −0.44 0.36
P −0.10 −0.11 −0.44 1.00 0.02
n¯ 0.97 0.78 0.36 0.02 1.00
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Table B.4: Correlation matrix of the best fit luminosity function parameters estimated
using jackknife resampling for early-type galaxies.
M⋆ α Q P n¯
M⋆ 1.00 0.80 0.63 −0.11 0.78
α 0.80 1.00 0.59 −0.19 0.50
Q 0.63 0.59 1.00 −0.03 0.02
P −0.11 −0.19 −0.03 1.00 −0.09
n¯ 0.78 0.50 0.02 −0.09 1.00
Table B.5: Correlation matrix of the best fit luminosity function parameters estimated
using jackknife resampling for spiral galaxies.
M⋆ α Q P n¯
M⋆ 1.00 0.79 0.54 −0.03 0.94
α 0.79 1.00 0.51 −0.27 0.68
Q 0.54 0.51 1.00 −0.56 0.26
P −0.03 −0.27 −0.56 1.00 0.20
n¯ 0.94 0.68 0.26 0.20 1.00
Table B.6: Correlation matrix of the best fit luminosity function parameters estimated
using jackknife resampling for red early-type galaxies.
M⋆ α Q P n¯
M⋆ 1.00 0.85 0.52 −0.19 0.51
α 0.85 1.00 0.50 −0.22 0.20
Q 0.52 0.50 1.00 0.00 −0.38
P −0.19 −0.22 0.00 1.00 −0.10
n¯ 0.51 0.20 −0.38 −0.10 1.00
Table B.7: Correlation matrix of the best fit luminosity function parameters estimated
using jackknife resampling for blue early-type galaxies.
M⋆ α Q P n¯
M⋆ 1.00 0.94 0.86 −0.78 0.98
α 0.94 1.00 0.80 −0.76 0.94
Q 0.86 0.80 1.00 −0.94 0.75
P −0.78 −0.76 −0.94 1.00 −0.68
n¯ 0.98 0.94 0.75 −0.68 1.00
Table B.8: Correlation matrix of the best fit luminosity function parameters estimated
using jackknife resampling for red spiral galaxies.
M⋆ α Q P n¯
M⋆ 1.00 0.90 0.80 −0.48 −0.32
α 0.90 1.00 0.82 −0.61 −0.64
Q 0.80 0.82 1.00 −0.81 −0.72
P −0.48 −0.61 −0.81 1.00 0.77
n¯ −0.32 −0.64 −0.72 0.77 1.00
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Table B.9: Correlation matrix of the best fit luminosity function parameters estimated
using jackknife resampling for blue spiral galaxies.
M⋆ α Q P n¯
M⋆ 1.00 0.76 0.55 −0.13 0.98
α 0.76 1.00 0.38 −0.20 0.78
Q 0.55 0.38 1.00 −0.50 0.36
P −0.13 −0.20 −0.50 1.00 −0.03
n¯ 0.98 0.78 0.36 −0.03 1.00
Appendix C
Magnitude dependent colour cut
In order to check the validity of choosing of a constant colour cut a short investigation
was carried out into the derivation of an absolute magnitude dependent colour cut and the
effect this would have on the resulting luminosity functions. For each of the magnitude
bins defined in Table 2.1 the distribution of Mg − Mr colour was plotted, this is shown in
Figure C.1, and the location of the minima in colour were identified alongside the mean
absolute r-band magnitude for that bin.
A simple linear regression to these points in colour-magnitude space resulted in the
magnitude dependent colour cut M0.1g − M0.1r = −0.015M0.1r + 0.431. This colour cut is
shown as the dash-dot line in Figs. C.2 & C.2.
The resulting Schechter function fits and 1/Vmax estimates of the luminosity functions
for both the constant and magnitude dependent colour cuts are show in Figs. C.3, C.3,
C.5 & C.6.
The effect of the magnitude dependent colour cut relative to the constant colour cut
are minor. Faint, blue early-type galaxies become dominant over faint, red early-type
galaxies at a slightly fainter absolute magnitude. Red spirals galaxies are slightly closer
in number to the blue spirals at M ≈ M⋆. As the results are qualitatively unchanged no
change was made to the constant colour cut used in the main analysis.
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Figure C.1: The distribution of galaxies per absolute magnitude bin as a function of
Mg−Mr colour. The dashed line denotes the boundary of the colour split at M0.1g−M0.1r =
0.8. The dot-dash line denotes the magnitude dependent colour split calculated as an
investigation of the validity of the original split.
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Figure C.2: The distribution of galaxies in colour-absolute magnitude space. The dashed
line denotes the boundary of the colour split at M0.1g − M0.1r = 0.8. The dot-dash line
denotes the magnitude dependent colour split calculated as an investigation of the validity
of the original split.
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Figure C.3: Luminosity functions fits for the red galaxy sample. The lines represent
the best-fitting, redshift-evolution corrected z = 0.1 Schechter functions (Eq 3.5, the
solid line corresponds to the constant colour cut used in the main text, the dashed line
corresponds to the magnitude dependent colour cut. The points indicate the 1/Vmax-
corrected estimates of the true luminosity function, corrected for redshift evolution (to
z = 0.1) using the best-fitting parameters from the relevant Schechter function fits, +
symbols represent the result for the constant cut and squares the magnitude dependent
cut. The points are plotted at the mean magnitude of each bin.
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Figure C.4: Luminosity functions fits for the blue galaxy sample. The lines represent
the best-fitting, redshift-evolution corrected z = 0.1 Schechter functions (Eq 3.5, the
solid line corresponds to the constant colour cut used in the main text, the dashed line
corresponds to the magnitude dependent colour cut. The points indicate the 1/Vmax-
corrected estimates of the true luminosity function, corrected for redshift evolution (to
z = 0.1) using the best-fitting parameters from the relevant Schechter function fits, +
symbols represent the result for the constant cut and squares the magnitude dependent
cut. The points are plotted at the mean magnitude of each bin.
APPENDIX C. MAGNITUDE DEPENDENT COLOUR CUT 136
−23 −22 −21 −20 −19 −18
10−9
10−8
10−7
10−6
10−5
10−4
10−3
10−2
10−1
M0.1 r − 5log10(h)
Φ
( M
0.
1 
r, 
z=
0.
1) 
 [h
3 M
pc
−
3  
 
M
−
1 0.
1 
r]
Figure C.5: Luminosity functions fits for the red early-type and blue early-type galaxy
sample. The lines represent the best-fitting, redshift-evolution corrected z = 0.1
Schechter functions (Eq 3.5, the red dash-dot and blue dash-dot lines corresponds red
and blue early-type results using the constant colour cut used in the main text, the red
dotted and blue dotted lines corresponds red and blue early-type results using the magni-
tude dependent colour cut. The points indicate the 1/Vmax-corrected estimates of the true
luminosity function, corrected for redshift evolution (to z = 0.1) using the best-fitting
parameters from the relevant Schechter function fits, cross symbols represent the result
for the constant cut and circles the magnitude dependent cut. The points are plotted at
the mean magnitude of each bin.
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Figure C.6: Luminosity functions fits for the red spiral and blue spiral galaxy sample. The
lines represent the best-fitting, redshift-evolution corrected z = 0.1 Schechter functions
(Eq 3.5, the red dash-dot and blue dash-dot lines corresponds red and blue spiral results
using the constant colour cut used in the main text, the red dotted and blue dotted lines
corresponds red and blue spiral results using the magnitude dependent colour cut. The
points indicate the 1/Vmax-corrected estimates of the true luminosity function, corrected
for redshift evolution (to z = 0.1) using the best-fitting parameters from the relevant
Schechter function fits, cross symbols represent the result for the constant cut and circles
the magnitude dependent cut. The points are plotted at the mean magnitude of each bin.
Appendix D
Visual matrices of galaxies selected by
colour and true morphology
In this appendix we present example images from each of our samples selected by mor-
phology and colour. The images demonstrate that our colour and morphology selection
criteria are robust across the redshift range of the sample.
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Figure D.1: A random selection from our blue spirals sample, with z ≈ 0.05 and absolute
magnitude close to the mean of our whole sample at that redshift, M0.1r ≈ −19.4. The
images are ordered by their colour and morphology, such that objects which only just
satisfy the criteria for this sample are at top-left, whereas those which have very blue
colour and high psp are at bottom-right. The numbers by each object give their psp and
their true M0.1g − M0.1r colour, respectively.
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Figure D.2: As Fig. D.1, but for blue early-types.
Figure D.3: As Fig. D.1, but for red spirals.
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Figure D.4: As Fig. D.1, but for red early-types.
Figure D.5: A random selection from our blue spirals sample, with z ≈ 0.10 and absolute
magnitude close to the mean of our whole sample at that redshift, M0.1r ≈ −20.5. Other
details as for Fig. D.1.
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Figure D.6: As Fig. D.5, but for blue early-types.
Figure D.7: As Fig. D.5, but for red spirals.
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Figure D.8: As Fig. D.5, but for red early-types.
Figure D.9: A random selection from our blue spirals sample, with z ≈ 0.15 and absolute
magnitude close to the mean of our whole sample at that redshift, M0.1r ≈ −21.2. Other
details as for Fig. D.1.
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Figure D.10: As Fig. D.9, but for blue early-types.
Figure D.11: As Fig. D.9, but for red spirals.
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Figure D.12: As Fig. D.9, but for red early-types.
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